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ABSTRACT 
Body composition traits (BCT) records from 1003 beef catde were collected from 
1991-1995. Data collected in the longissimus dorsi (Id) muscle included, 12'''-13''* rib carcass 
fat thickness (FAT), USDA marbling score (MS) and chemical percentage of intramuscular 
fat (PIFAT). Before slaughter, a cross-sectional ultrasound Id image between the IZ'^'-IS"' 
ribs was collected to calculate ultrasound fat thickness (UFAT). A longitudinal Id image 
across 11'''-12'''-13''' ribs was used to calculate image analysis parameter including: 
histogram, Fourier and texture. Multiple regression and cluster analysis were used to develop 
prediction models for ultrasound percentage intramuscular fat (UPIFAT) from the image 
parameters. An independent data set was used to validate the prediction models. BCT 
genetic variance and covariance parameters were computed at age- and weight-constant end 
points for bulls, steers, and both sexes combined using computer algorithms of MTDFREML 
for variance component estimation. Sire breeding values (B V) were ranked for ultrasound 
traits and corresponding carcass traits. Prediction accuracy for PIFAT values ranging from 
.5% to 13% resulted in a robust and unbiased model with a root mean square error (IIMSE) 
of 1.43% and a coefficient of determination (R-square) of .59. This model included 
exclusively image analysis parameters. For actual PIFAT values between .5% and 6% PIFAT 
can be predicted with an average error of ±.9%. This PEFAT interval includes the majority of 
the scanned animals. The use of cluster analysis slighdy reduced RMSE in the lower PIFAT 
classes to 1.13%. Genetic parameters were significandy different for bulls and steers. 
Genetic parameters adjusted to a weight-constant end point were smaller than those adjusted 
to an age-constant end point. The genetic correlations between FAT and UFAT and between 
vi 
PIFAT and UPIFAT indicate that these paired traits are controlled by the same genes. The 
correlation between PIFAT sire BV and UPIFAT sire B V increases when the prediction error 
variance is reduced by increasing the number of progeny per sire. It is concluded that 
UPIFAT can be used to accurately rank sires B V for PIFAT by using progeny testing. When 
there are more than 8 progeny per sire, RTU determined B V are correlated with carcass 
determined B V at a level of .80. 
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GENERAL INTRODUCTION 
1. Introduction 
Consumer preference for trim-lean beef products and a maintenance of flavor and 
juiciness characterized by a quality grade of 'low-Choice' is changing the selection objectives 
of the beef cattie industry. To achieve a low-Choice (approx. 4% intramuscular fat), feedlots 
typically overfeed cattle which results in excess amounts of external and seam that must be 
trimmed before offering the product to consumers. Time and dollars wasted in overfeeding 
cattle, and the work and time involved with subsequent carcass trimming is encouraging 
breeders to implement programs that select animals with the ability to marble at an early age 
avoid without excessive amounts of waste fat. 
To select superior individual for percentage intramuscular fat (PIFAT), the beef 
breeding industry needs an objective tool to quantitatively measure the trait. USDA graders 
classify carcasses for intramuscular fat by using a highly subjective marbling scoring system. 
Marbling score is a subjective appraisal of the amount of marbling and other factors 
including: age, color, sex and fat distribution. Degrees of marbling are influenced by many 
factors, and especially by the length of chill prior to grading and also by the individual 
graders. Both the consumer and the beef catde industry would benefit greatly from a system 
that could objectively and accurately measure the degree of marbling. This would insure that 
consumers obtain an optimum level of marbling for palatability and producers would receive 
a fairer price for their cattle. In addition, the industry would be given better direction in 
terms how to select bulls for producing catde that meet specification end points. 
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There is growing interest among beef breed associations for including evaluation of 
carcass traits in their national cattle evaluation programs. However, such programs are long 
term and very expensive because of the necessity of using progeny testing. Carcass traits 
have heritability estimates ranging from moderate to moderately high, but carcass traits can 
only be measured in dead animals. Until this point in time, no direct measurement has been 
obtained from seed stock animals. 
Real-time ultrasound (RTU) technology offers an alternative to the beef cattle 
industry for body composition traits (BCT), because it allows one to measure the traits in the 
live animal, in a noninvasive manner, and at a reasonable cost (Wilson, 1992). An accurate 
ultrasound PIFAT measurement of feedlot cattle could allow one to predict quality grade 
before slaughtering to achieve an optimum marketing revenue. Moreover, accurate 
ultrasound measurements, used in genetic programs for carcass merits, will allow one to 
select the best animals as future parents. A major research effort has been underway to 
develop RTU technologies and procedures to measure BCT. Accuracy between RTU traits 
and corresponding carcass traits has been continuously improving (Duello, 1993; McCauley 
et al., 1993; Wilson et al., 1993; Amin et al., 1994,1996; Brethour 1994; Izquierdo et al., 
1994,1996). 
Genetic evaluation of BCT requires the knowledge of: 1) a common end point to 
adjust the animal performance data, 2) the magnirnde of the genetic parameters, and 3) the 
genetic relationship among economically important traits and BCT. Several studies have 
been conducted to calculate heritability estimates for FAT and MS, an the genetic 
relationship between these traits and other growth traits (Lamb et al., 1990; MacNeil et 
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al.,1991; Arnold et al.,1993; Van Vleck et al., 1993; Wilson et al., 1993). However, few 
studies have been conducted to asses the accuracy of ultrasound measurements, to calculate 
heritability estimates for ultrasound traits and the genetic associations with corresponding 
carcass traits (Robinson et al.,1993; Johnson et al., 1993; Evans et al., 1995; Kriese and 
McElhenney 1995). In addition, there is a concern in the beef industry about the relationship 
in BCT measured in yearling seed stock bulls with RTU and the same BCT measured in 
carcass steer progeny because contradictory results have been obtained (Arnold et. al, 1993; 
Evans et al., 1995). 
The objectives of this smdy were to: 1) assess the accuracy of RTU technology and 
image analysis parameters for predicting PIFAT, 2) analyze the relationship of RTU BCT 
with age and weight, 3) compute the genetic parameters for BCT within sexes, and 4) to 
evaluate the possibilities of RTU BCT measurements to predict genetic merit of future sires 
in relation to the carcass traits. 
2. Dissertation organization 
The dissertation is comprised of an abstract, a general introduction, an overall 
literature review, three manuscripts and a general summary. Relevant references are 
compiled for each paper followed by the tables and figures. The final reference section Usts 
references cited in the General Introduction and Literature Review. The papers are written 
for publication in the Journal of Animal Science (JAS). Therefore, the organization of the 
papers are in accordance with the format of JAS. The publication details are as follows: 
Paper 1. Prediction of Percentage Intramuscular Fat With Ultrasound Variables in Live Beef 
Cattle. Development and Validation of Preliminary Models. To be submitted to JAS. 
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Paper 2. Accuracy of Real-Time Ultrasound and Image Processing Parameters to Predict 
Percentage Intramuscular Fat in Beef Cattle. To be submitted to JAS. 
Paper 3. Estimation of Genetic Parameters for Fat Composition Traits Measured in Beef 
Animals Using Real-Time Ultrasound. To be submitted to JAS 
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LITERATURE REVIEW 
1. Biological characteristics of adipose tissue in beef cattle 
A. Origin and development of adipose tissue 
The adipose tissue is an accumulation of fat or adipose cells which are characterized 
by a large, centrally located lipid lobule, with a thin layer of cytoplasm containing organelles 
and the nucleus. Adipose cells are surrounded by loose connective tissue. Fat tissue 
increases in the animal by two different mechanisms: hyperplasia (cell proliferation) and 
hypertrophy (cell enlargement). Although some theories do not agree, cell proliferation 
occurs during embryonic stages and early after birth with the subsequent transformation of 
adipose precursor cells (preadipocites) and fibroblasts into fat cells, which rarely divide 
afterwards. Adipose tissue growth after puberty, however, is mainly due to an increase in cell 
size (hypertrophy) by incorporating new lipids to its lobule. In beef cattle, adipose cells can 
increase in size from 35 pim at birth to 110-140 pm as the cells accumulate lipids (Allen, 
1976; Hood and Allen, 1973) 
Adipose tissue acts predominantly as an energy store. Likewise, beef cattle store fat 
in four primary carcass depots defined as subcutaneous fat (25-30% of total fat), 
intermuscular or seam fat (50% of total fat), intramuscular fat or marbling (8-10% of total 
fat) and internal fat, (10-12% of total fat) which includes kidney (perirrenal), pelvic, 
mesenteric and heart fat (Johnson et al., 1972; Cianzio et al., 1982). 
Different theories have been put forth about the origin and development of animal fat 
depots. Many studies have been conducted in order to clarify this issue, but contradictory 
results have been reported, most likely because the fat accretion pattern is intimately related 
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to genotype and nutrition. For instance, it has not been clarified as to when hyperplasia ends 
and when adipose tissue growth is completed entirely by cell hypertrophy. Some researches 
indicated that hyperplasia of adipose tissue is completed by the eight month for catde, and 
afterwards, fat tissue growth is provided by cell hypertrophy for all fat depots except for 
intramuscular fat In the intramuscular fat depot, cells of small size were found after 14 
months of age, which indicated cell division (Hood and Allen, 1973; Garbutt et al., 1979). 
Robeling (1981) described fat cell size having a bimodal distribution in relation to animal 
growth. This researcher detected a period between 5% and 15% of animal mature weight, 
during which adipose cells grow by hyperplasia, followed by a period of adipose cell 
hypertrophy extending until the animal reaches a 45% of its mature weight. A second period 
of adipose cell hyperplasia occurs thereafter. This researcher further discovered that adipose 
cell division was caused not only by adipoblast maturity but also by mamre adipose cell 
division. The bimodal distribution of hyperplasia in fat tissue was also found in other 
species, such as in the rabbit and in the sheep (Nougues and Vezihnet, 1977). Likewise, 
other research reported proliferation of mature adipose cell (Bertrand et al., 1978; Johnson et 
al., 1978). The patterns of fat tissue growth vary with the type of depot. For example, kidney 
fat grows mainly by hypertrophy, whereas, subcutaneous and intermuscular fat grow by both 
hyperplasia and hypertrophy and consequentiy have cells of smaller size, compared to other 
depots (Trenkle, 1995). 
Hod and Allen (1973) confirmed that visceral fat originated from preadipocites and 
intramuscular fat originated from fibroblasts. If there was an indication of a specific 
population of adipoblast for each fat depot, perhaps, intramuscular fat cell proliferation. 
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which is a desirable depot, can be enhanced, whereas intermuscular fat, which is 
overabundant, can be reduced. If different depots have different origins there may be genetic 
markers for these differentiated cell populations that could be used to select animak with the 
most desirable depot. The total number of adipose cells appears to be partially responsible 
for the amount of carcass fat (correlation of == .8) (Hood and Allen, 1973; Allen, 1976). 
Thus, selection against total number of adipose cells can be used to reduce excess fat. 
A better understanding of fat growth and deposition can be attained if studied in 
relation to the growth of other tissues. The general growth curve in beef cattle can be divided 
in four different periods. The first period, spans from birth through the seventh month of age 
(around weaning). The second period last as approximately from 7 to 14 months of age. The 
third period extends from 14 to 27 months, and the fourth period starts approximately after 27 
months of age. During the first period, the growth rates of skeletal, visceral organs and 
muscle are high. Early in this period, the muscle growth is slower than the skeletal and 
organs growth. In this first period the growth of adipose tissue is limited, being around 260 
g. per kg. of gained weight (Berg and Butterfield, 1976). In the second period, the growth of 
skeleton and organs is reduced, but there is a continuous growth of muscle. In the middle of 
this second period, adipose tissue accumulation begins. During the third period, organs reach 
their mamre size, bone growth is completed and the rate of muscle growth begins to decline. 
The major weight gain during the third period corresponds to body fat, which amounts to 
around 800 grams per kilogram of gained weight. The fourth period corresponds to a small 
degree of muscle growth until the middle of the period. Ninety to 95% of the weight gained 
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in this fourth period is in the form of fat, and it is only during this last period that the animal 
deposits intramuscular fat (marbling) (Marple, 1983; Berg and Butterfield, 1976). 
The general model of cattle growth can be mainly applied to grazing cattle. However, 
this model does not appropriately fit feedlot cattle, since these cattle are slaughtered at an 
average age of 14-15 months, and an optimum level of intramuscular fat is desirable for meat 
palatability and coolery. In addition, this pattem of sequential fat deposition does not agree 
with models from other researches. For instance, Cianzio et al. (1983) conducted an 
experiment on which they serially slaughtered 40 steers of two different frame sizes from 11 
to 19 moths of age. The researchers pooled samples from six different major muscles such as 
Longissimis dorsi at the 12-13"' rib, Infraespinatus, Semitendinosus and Biceps femoris and 
compute chemical analysis. Cianzio et al. (1983) experiment concluded that the growth 
coefficients for disectible fat depots with respect to total fat in the body were homogeneous 
within frame size, and that intramuscular fat was not a late developing depot. Likewise, 
Johnson et al. (1978) concluded that intramuscular fat increases considerably until puberty, 
remaining constant during the rest of the growing period. Contrarily, other studies indicated 
that marbling matured later than subcutaneous fat, and subcutaneous fat matured later than 
pelvic fat (Marple, 1983; Trenkle, 1995; Robeling, 1981). The disagreements among these 
different studies are possibly a consequence of the plasticity of fat tissue and its variability in 
growth according to many genetic and environmental factors including nutritional factors 
(Suess etal., 1969). 
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B. Factors ejecting fat deposition 
As discussed previously, the difference in fat content among each depot can vary 
according to physiological age, sex, mature size, energy intake and hormonal status. 
However, these differences are more extreme if animals are compared at a constant age than 
if they are compared at a constant body fat. For example, differences in fat tissue growth rate 
are best detected at a constant age and differences in relative fat composition are best 
compared at a constant weight (Koch et al., 1995). 
There are important differences in fat deposition associated with sex. The ratio of fat 
deposition to muscle growth is significantly greater in heifers and steers than in bulls. 
Heifers also start fattening at a lighter carcass muscle weight than steers and bulls. 
Therefore, for a given stage of maturity, heifers have 26 to 60% more fat than bulls of the 
same genotype, and steers are 10 to 45% fatter than bulls (Berg et al., 1979; Truscott et al., 
1980; Jones et al., 1991). Even though heifers and steers deposit more fat than bulls, the 
distribution of subcutaneous, intermuscular, cavity and kidney fat is similar for all sexes if 
comparisons are made at a constant level of total carcass fat (Kempster et al., 1976; Berg et 
al., 1979). Subcutaneous fat has a similar deposition rate in both forequarter and hindquarter 
for all sexes, however, there was a more rapid accumulation of intermuscular fat in the 
forequarter compared with the hindquarter (Berg et al., 1979). In relation to muscle growth, 
bulls have more muscle accretion than steers because the effect of testosterone stimulates 
muscle growth and inhibits fat deposition, but steers have more muscle accretion than heifers, 
at any given age (Truscott et al., 1980). Bulls also have a higher muscle bone ratio than 
heifers and steers at the same level of carcass fat (Berg and Butterfield, 1976). 
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Large frame animals are exposed to a prolonged action of somatotropin hormone, 
causing slow growth for a long period. Thus, fat deposition occurs later than in small-frame 
animals (Dalke et al., 1992; Lapierre et al., 1992; Frederick et al., 1995). In a study of Angus 
cattle growth conducted by Reiling et al. (1991) steers achieved target carcass composition 
after a 5 month feeding period. Feeding the steers up to 7 months increased 0.1 inch of fat 
cover, and 1.1% marbling, but ribeye area remained unchanged. Contrarily, bulls achieved 
the optimum carcass composition after a 7-month feeding period. In this experiment, feeding 
bulls up to 7 months did not increase fat cover but increased intramuscular fat from 4.16% to 
5.68%, and from 3.83% to 5.82%, for small and large frames, respectively. Ribeye area also 
increased during the additional two months. Therefore, steers were finished sooner than bulls 
but with less muscling, and buUs achieved similar carcass fat composition, and more muscle 
accretion than steers after a seven-month feeding period. 
Early maturing English beef breeds are considerably fatter and deposit larger amount 
of marbling than larger and later mamring Continental breeds when compared at the same 
body weight (Swatland, 1993). Growth of subcutaneous fat, as measured sequentially with 
ultrasound, has been shown to occur at a faster rate in early maturing than in late maturing 
cattle (Trenkle, 1995). If comparisons are made at the same percentage of mature weight, 
some of the differences among breeds disappear. These differences in fat accretion among 
different frame sizes determine that when cattle are marketed solely on the basis of live 
weight, small-framed animals may be overfinished, medium-framed cattle may be 
appropriately finished, and large-framed cattle may be underfinished. 
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Adipose depot growth also varies with specific genotypes. For example, dairy breeds 
deposit higher levels of marbling fat, and accumulate more visceral fat and less subcutaneous 
fat than beef breeds. Crossbred Charolais steers have higher marbling scores than most 
breeds at the same carcass fat percentage (Williams et al., 1995). Therefore, in this genotype, 
there is a tendency to marble with a lower propensity to deposit subcutaneous fat. Moreover, 
crossbred Pinzgauer steers are leaner than crossbred Sahiwal steers when slaughtered at the 
same marbling end point (Williams et al., 1995; Tones et al., 1991). Hereford cattle deposit 
more subcutaneous fat and less perirrenal and pelvic fat than Angus, Friesian and Charolais 
crossbred cattle (Charles and Johnson, 1976; Trenkle, 1995). However, if cattle are 
examined at a constant total fat, only minor differences were found among breeds for adipose 
depots growth (Berg et al., 1978). 
Nutrition plane is a strong determinant of carcass composition. A restricted energy 
diet will affect fat deposition more severely than protein accretion. During the finishing 
period, in feedlots, animals are usually fed ad libitum. In this case, fat accretion follows a 
quadratic growth curve but protein grows linearly (Owens et al., 1995). However, if energy 
intake is reduced, protein accretion may continue at nearly normal rates, provided that protein 
intake is adequate, but the rate of fat deposition is considerably diminished (Anderson et al., 
1988a). Moreover, with a high energy ration cattle may deposit subcutaneous fat at a greater 
rate than either intermuscular or intramuscular fat. However, this difference is minimized if 
animals are fed a low energy ration (Fortin et al., 1981). Other researches found that animals 
fed low energy rations deposit a relatively large amount of intramuscular fat, probably 
because they are fed for a longer period than animals in a high energy diet (Burroughs et al.. 
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1981). Feed restriction decreases fat gain to a greater extent than rate of body weight gain in 
early maturing breeds, steers and heifers, whereas rate of body weight gain is more affected 
than rate of fat deposition in late maturing breeds or in bulls. Therefore, there is an 
interaction between plane of nutrition, breed and sex relative to fat deposition. 
Environmental factors affect not only the size of fat depots but also the fatty acids 
chemical composition. Fatty acids can be saturated (devoid of double bonds) and unsaturated 
(with double bonds) and can also be of long or small chain length. Fatty acid melting points 
are proportional to chain length, although this circumstance is complicated by the presence of 
double bounds. There are differences in the fatty acid composition depending on the breed, 
sex and environmental factors (May et al., 1993). For instance, steers deposit more saturated 
fat than heifers (Ferrel et al., 1969). Also during the finishing period, animals deposit 
progressively more unsaturated fatty acids (Leat, 1975, 1977). In general subcutaneous fat 
has lower melting points than marbling and cavity or internal fat. Seasonal differences in 
fatty acid type may also occur. For example, in beef carcasses, a greater proportion of fatty 
acids may be saturated in the summer than in the winter (Link et al., 1970). Seasonal changes 
in fatty acid composition are more marked in wild animals like, for example, wild sheep, and 
this phenomenon may help animals to adapt to climate changes (Turner, 1979). 
As stated earlier, fat deposition differs because of many different environmental and 
genetic factors. The magnitude of this variation has been studied more thoroughly for 
different breeds, sizes and nutritional planes than for the different sexes. A clear 
understanding of how carcass fat develops for bulls, steers and heifers of similar breed or 
genotype makeup is needed in order to established the appropriate time for fat measurement. 
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However, very few studies, if any, have jointly assessed fat growth in bulls, steers and 
heifers. Understanding the magnitude of the interactions among these effects is necessary for 
establishing the common end points in carcass trait evaluations, because most of the fat trait 
variation increases or decreases according to a constant age or a constant weight comparison. 
2. Relationship between marbling and other fat depots and contribution to beef 
quality 
A. Importance of fat deposits in carcass and meat quality 
Fat depots only serve their proper function when an animal uses the energy and 
insulation provided by adipose tissue to survive a period of inadequate feeding intake or cold 
weather. For this reason, variation in the amount of body fat in different genotypes is related 
to the different environments that they are adapted to in terms of nutritional disponibility and 
climate adversity. Moderate amounts of adipose tissue in meat are desirable in moderation to 
give a finished appearance to the carcass (Swatland, 1994). Without a minimal accumulation 
of subcutaneous fat, a carcass is unattractive for traditional standards. However, excessive 
fat is the major factor contributing to low salable carcass cut-out. A large amount of dietary 
energy is needed for accumulating body fat, but much of this fat is removed and wasted after 
the animal is slaughtered. It has been calculated that about 6% of the live weight of a steer is 
removed as fat in the abattoir, and another 6% is trimmed from the dressed carcass by the 
butcher (Swatland, 1994). For this reason, scientists and producers are attempting to reduce 
the total amount of fat in beef cattle by genetic and nutritional approaches while maintaining 
a desirable palatability of the lean portion of the carcass. 
It is important to define the meaning of "desirable palatability" and to assess how 
much of this palatability is attributed to fat. General palatability is considered as a set of 
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characteristics like juiciness, tenderness, flavor, and taste, that contribute to a better 
acceptability of the meat by the consumers. It is traditionally maintained that marbling fat 
(intramuscular fat) contributes to the juiciness of cooked meat by making it more tender and 
more succulent (Swatland, 1994). It is a common finding in the literature to relate certain 
amounts of marbling to general palatability (Johnes et al.,1991). Despite these findings, a 
cause-effect relationship between marbling and meat quality has not been demonstrated. A 
possible relationship between marbling and flavor could be attributed to the existence of 
carbonyl compounds that concentrate in the adipose tissue and characterize different types of 
meat (Sink, 1979). Additionally, Armbruster et al. (1983) found correlations of .41, .29, and 
.16 between marbling and flavor, juiciness and tenderness, respectively for the Angus breed. 
However, the same researchers found correlations of -.03, -.02, and -.06 between marbling 
and flavor, juiciness and tenderness, respectively for the Holstein breed. Shaeffer (1991) 
obtained a correlation of 0.15 between intramuscular fat and Instrom shear force (an indicator 
of tenderness). Similarly, other studies have found a small positive association between 
marbling and tenderness, but, this relationship did not explain more than 5% of the total 
variation attributed to tenderness (Campian et al., 1977; Crouse et al., 1978). The association 
between marbling and tendemess changes according to the muscle under study and to the 
postmortem treatment. Some researchers have found that increasing marbling scores 
decreased the susceptibility to cold shortening, as measured by sarcomere length (Purchas 
and Davies, 1974). These researchers determined that the relationship between marbling and 
cold shortening can be more marked for muscles that are very susceptible to cold shortening, 
whereas it can be negligible for thick muscles, which undergo a slower cooling and hence are 
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less prone to cold shortening. In addition, when carcasses are properly chilled, marbling may 
not be important in relation with tenderness, whereas, marbling can improve tenderness in 
fast-chilled carcasses. Both marbling and fat thickness have good insulation effects and 
prevent the carcass from fast chilling as long as the meat ph remains high, thus avoiding cold-
toughening and improving the degree of tendemess (May et al., 1991). 
B. The importance of accurately determining marbling degree 
Although not all consumers accept much fat in their meat, a clear relationship seemed 
to exist between the amount of intramuscular fat and the acceptability by consumers (Jones, 
1991). In general, a marbling score around choice is associated with a large amount of 
extemal fat, especially for early maturing steers (Reiling et al., 1991). However, if the 
assumption that marbling is associated with beef palatability and product consistency is 
accepted, and marbling is stiU a target for the beef industry, it is necessary to study the 
possibility of increasing intramuscular fat without an increase in fat cover to avoid the 
wastage of large quantities of intermuscular and subcutaneous fat for retail merchandising 
(Brethour, 1994; Jones et al., 1991). To reduce extemal fat, several approaches can be 
considered. For example, feeding Angus bulls instead of steers would be a fast way to 
control an excess of cover fat, but this could reduce marbling to unacceptable ranges 
(Dikeman and Doiezal, 1995; Marshall, 1994). Another possibility is to explore the genetic 
predisposition of individuals for accumulating marbling fat at a relative early stage in the 
fattening process in order to produce lean carcasses with choice scores of marbling (Jones et 
al., 1991). For other researchers, a possible solution would be to reduce the average daily 
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gain to approximately 1 kg in order to produce a lean carcass with an acceptable marbling 
degree (Burroughs et al., 1981). 
In the current beef industry marketing system, intramuscular fat is one of the primary 
factors that determine beef grades and thus market value. Marbling scores are visually 
evaluated by human graders from inspection of the IZ'^ '/IS"' rib cross-sectional area of the 
longissimus dorsi muscle. The evaluation is normally done after a 24-hour chilling period. 
However, even highly trained graders are prone to errors. According to Cross et al. (1980), 
grading errors can be as high as 20%. Therefore, in order to change the actual marketing 
system to a value-based system it has been recommended that the beef industry should 
develop an ultrasound-based instrument capable of evaluating carcass leanness, marbling and 
maturity with an adequate degree of accuracy and easy to use in the slaughterhouse (Cross 
and Savell, 1992). 
C Development of a system for the objective grading of be^ carcasses 
For the past eleven years, the National Cattiemen's Association has expressed the 
need for an objective carcass grading system. In 1979, the National Aeronautics and Space 
Agency (NASA) and other government technology offices funded a study to determine the 
feasibility of applying NASA technology to beef grading. NASA identifies two technologies 
that could potentially accompUsh the goal: ultrasound and video image analysis. In 1980, the 
task of developing an instrument to grade the quality and yield of beef carcasses started. 
From 1981 to 1983, the video image analysis (VIA) instrument was tested at the USDA's 
Meat Animal Research Center (Clay Center, Nebraska) in cooperation with Kansas State 
University. This VIA system was based on a camera/computer system that assessed the 
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cross sectional muscle area and fat at the 12/13th rib interface in chilled, ribbed carcasses. 
The system was developed to measure the subcutaneous fat depth, the total number and area 
of marbling particles and lean color. Preliminary results of grading instrument were very 
promising for predicting carcass yield (Cross et al., 1983). 
In 1984, twelve industry representatives (beef, pork and lamb) discussed the status 
and capabilities of the instrumental grading system (VIA) developed. The industry 
representatives agreed on the need for an instrument capable of providing an accurate 
evaluation of unribbed, unchilled carcasses. This was a major deviation from the efforts done 
on ribbed chilled carcasses. Later in the same year, industry representatives eliminated VIA 
as a possible accurate instrument because it required carcasses to be unribbed and unchilled. 
The industry representatives felt that ultrasound offered the best chance of success based on 
its use in tissue characterization by the medical community. In 1984 and 1985, 
ultrasonography was investigated as a method to measure carcass fat thickness, ribeye area 
and marbling (Cross and Whittaker, 1992). Results obtained in measuring fat thickness and 
ribeye area were very promising, but results on marbling were not very conclusive. These 
preliminary results indicated a strong potential of ultrasound for measuring carcass traits, not 
only in the carcass itself, but also in the live animal (Wilson, 1992). From 1986 to 1990, the 
use of real-time ultrasound in developing potential carcass expected progeny differences 
(EPD) increased in popularity. In 1989, in the symposium organized by the Australian Meat 
and Livestock Research and Development Corporation in Sidney, "Automated Measurement 
of Beef ultrasound scaiming was considered as the technology having the greatest potential 
for beef cattle (Berlow et al., 1989; Cross et al., 1989; Park and Whittaker, 1990). 
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3. Use of ultrasound to determine carcass composition in live flnimak 
A. Principles of ultrasound scanning 
Ultrasonic waves propagated through animal and human tissue, can be compared to 
waves created by dropping a stone into a still pool of water. The excitation force is provided 
by a piezoelectric element that is in acoustical contact with the tissue and transforms pressure 
into electrical voltage. The waves propagate through the tissue in three dimensions away 
from the transducer at a fixed velocity. This velocity can be divided into three components: 
longitudinal velocity, horizontal shear velocity, and vertical velocity. The velocity at which a 
wave travels through a material is a constant, and it is a mainly a function of the density of 
the material (Herring and Bjomton, 1985; Whittaker et al., 1992). For example, the 
longitudinal wave velocity for pure fat is approximately 1,450 m/s and the velocity through 
lean muscle is approximately 1,580 m/s (Goss et al., 1979). 
The characteristic velocity of a tissue is important for several reasons. First, the 
velocity is needed for calculating the distance to a particular target in the material. For 
example, the surface of the longissimus dorsi can be calculated as the velocity (characteristic 
longitudinal velocity) times the time interval (between pulse emission and reception) divided 
by two (because the wave has to travel forward and backward). In homogeneous materials 
such as water, ultrasonic waves travel at a constant velocity. However, in an inhomogeneous 
material such as beef muscle, which contains fat deposits, connective and muscle tissues, the 
velocity can not be easily determined (Herring and Bjomton, 1985). Second, the velocity is 
needed for calculating the acoustical impedance of the material. The acoustical impedance of 
a given material is also a constant, which is calculated as the characteristic velocity times the 
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material density. The amount of ultrasonic energy reflected at a given interface is 
proportional to the impedance of the two materials (Whittaker et al., 1992). 
There are typically two transmitter receiver arrangements used in ultrasonic work: 
pulse-echo and through-transmission. In a pulse-echo arrangement, the sender and the 
receiver are on the same surface of the material being measured. Therefore, both need to be 
located close to the skin surface of the animal. In some cases, the same transducer can be 
used as the sender and as the receiver. In contrast, in the through-transmission technique, the 
sender and receiver are located on opposite surfaces of the material. 
As an ultrasonic wave propagates through a material, its amplitude is reduced or 
attenuated. Attenuation can be attributed to the conversion of energy into heat (absorption), 
beam spreading (dispersion), or to beam scattering. Attenuation is highly dependent on the 
frequency of the wave. High-frequency waves are much more attenuated than low-frequency 
waves. 
After a signal is received from a transducer, there are several methods available for 
visualizing the information represented by the signal. The signal from a single transducer is 
displayed using the A-mode (A stands for amplitude). This mode is based on a one-
dimensional representation of the reflected signal in which the horizontal axis represents time 
or distance and the vertical axis represents amplimde. If an anatomical image is needed for 
visualization, either the B-mode (B stands for brightness) or the real-time mode are used. In 
a B-mode visualization, the amplitude is represented by a gray-level intensity and the image 
represents a plane that extends away from the transducer. Real-time ultrasound is similar to 
the B-mode technique as the image is updated at video frame rates, and hence, allows for the 
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observations of movement within the target area (Whittaker, 1992; Herring and Bjomton, 
1985). 
B. The use of ultrasound to predict intramuscular fat 
The beef industry needs objective methods to measure the quality of beef carcasses 
since quality grade is one of the major factors in determining value. To accomplish this goal, 
a major research effort has been undertaken by animal scientists and engineers in this area. 
For example. Cross et al. (1983) used a video image analyzer for beef grading, and 
Thompson (1991) applied X-ray techniques using computer-aided tomography (CAT) to 
quantify intramuscular fat content in beef. Forrest et al. (1989) investigated the possibility of 
combining the technologies of ultrasound imaging, electromagnetic scanning and the use of 
optical electronic fat-lean probes for carcass composition measurements. 
After investigating different technologies, such as X-rays or VIA, ultrasound scanning 
was chosen as the tool for developing objective methods of measuring intramuscular fat, 
because fatty-tissue is a very good reflector of ultrasound (Park, 1991; Whittaker at al., 
1992), and also because it is easy to use, harmless and relatively cheap. However, earlier 
results relating ultrasound parameters to carcass marbling score have been inconsistent. For 
example, Berlow et al. (1989) used an image thresholding technique to estimate marbling 
scores, but the determination coefficient obtained was only .13. Similarly, Thane et al. 
(1989) correlated certain image features, such as Fourier distance, fractal dimension and 
attenuation, to marbling scores, but the results showed coefficients of determination not 
greater than 0.14. Later studies (Brethour, 1990) demonstrated that visual scoring systems 
based on observed levels of speckle in ultrasound video images of the longissimus dorsi 
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muscle could be used to estimate marbling. In addition, Whittaker et al. (1992) developed a 
multivariate linear regression model to predict intramuscular fat Some researchers (Liu et 
al., 1993) developed an autoregressive model based only a the direction of the ultrasound 
wave, since speckle correlations in other directions were not important. By using this model 
in live beef catde these researchers obtained a determination coefficient of 0.69 and a RMSE 
of 0.93, although only 60 animals were used. 
Using longitudinal and shear ultrasound probes directly on meat samples. Park et al. 
(1994) found that the number of "local maxima" (defined as the number of picks in a two 
dimensional representation resulting from A-mode ultrasound) was the parameter most 
highly correlated with marbling, with a multiple regression model that included local 
maxima, and other parameters (lower frequency and bandwidth parameters) and predicted 
intramuscular fat with an R square of 0.82 and a RMSE of 1.59. The researchers consider 
local maxima as an indicator of the discontinuities of the Fourier spectrum which are, in part, 
a function of the fat concentration in muscle. Brethour (1994) used second-order statistics 
from texture parameters to predict PIFAT, because these statistics are more invariant to 
differences in echogenicity (transducer contact, hair coat, and attenuation) than first-order 
statistics. These researchers used texture parameters and neuronal network' and in a 
multiple regression model. The researchers founded that neuronal network results were more 
accurate than those obtained by multiple regression. Similarly, by using neuronal network 
McCauley et al. (1993), obtained accurate predicted values (0.83 RMSE) for intramuscular 
' Neuronal network is a new computing approach that involves the development of mathematical structures with 
the ability to learn. This system is composed of many simple processing elements (or nodes) analogous to 
neurons in the brain interconnected in a network that can identify patterns from data and learns from experience. 
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fat by using 70 animals. 
For the past ten years, researchers in Iowa State University (ISU) have been working 
on the development of a methodology to predict the percentage of intramuscular fat (PIFAT) 
as an indicator of marbling on hot carcasses and in live animals by using ultrasound 
technology. Wilson et al. (1992) and Wilson et al. (1993) reported the results on predicted 
intramuscular fat obtained by using a multiple regression model including histogram 
parameters, Fourier transform parameters and some animal parameters such as age, sex and 
ultrasound fat thickness. Amin et al. (1993) investigated the use of A-mode ultrasound to 
predict marbling quality grades directly in loins. In addition, Zhang et al. (1993) 
implemented a new system that allowed for the direct digitization of images obtained from 
the ultrasound machine in a portable PC using a frame grabber board. Direct digitalization 
avoided the reduction in image resolution and consequently in accuracy resulting from using 
images stored on videotape. 
New prediction models were updated as new data were collected to improve 
prediction accuracy by Izquierdo et al. (1994). The ability of ultrasound PIFAT versus 
USDA marbling scores in predicting the actual percent intramuscular fat was compared by 
Izquierdo et al. (1994b), concluding that ultrasound was able to predict more accurately small 
and select categories than USDA graders but the system failed to accurately predict prime 
animals. These researchers also indicated that USDA graders tend to classify animals with 
low percentage of intramuscular fat into the class 'Choice', and that USDA marbling scores 
are not based exclusively in the amount of intramuscular fat, but on its distribution too. 
23 
New computer strategies were updated by Zhang et al. (1995) to developed a set of 
on-line programs to compute ultrasound fat thickness, ribeye muscle area and ultrasound 
intramuscular fat Even though Jones et al. (1991) found that fat thickness explained only 
6% of the variation in marbling scores, ultrasound fat thickness included as a covariate in the 
multiple regression models for predicting intramuscular fat explained around 40% of the 
variation (Izquierdo et al., 1996). These differences between Jones findings and Izquierdo et 
al. (1996) may be partially attributed to the differences between the concepts of marbling and 
PIFAT and also to differences in genotypes. Accuracy was similar for different models 
developed by Izquierdo et al. (1994, 1996) but consistency was different. Hassen et al. 
(1995) found a low accuracy when validating some of the first models developed at ISU. If 
parameters such as age, sex or ultrasound fat thickness of a particular data set are included in 
the model, this model may not be satisfactorily applied for other genotypes or ages outside 
the boundaries of the data used for prediction. A more robust multiple regression model was 
developed by Izquierdo et al. (1996) which exclusively included image analysis (texmre and 
Fourier) parameters, resulting in an RMSE accuracy of 1.43% that was consistent across 
several validations. 
Cluster analysis and other classificatory statistics were used by Amin et al. (1996) to 
classify animals in two categories and to develop a multiple regression model for each 
category. This approach improved the prediction accuracy, especially in the lower PIFAT 
classes (RMSE=1.13%). Considering the above mentioned research efforts in predicting 
intramuscular fat as well as other composition traits such as fat thickness and ribeye area with 
ultrasound in live animals and the research done by ISU for using these ultrasound predicted 
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values to calculate ultrasound retail product. Rouse and Wilson (1996) suggested the 
establishment of a live animal and meat quality evaluation center at ISU. 
4. Genetic and breeding ciiaracteristics of body fat composition 
A. The implications of a beef value-based market in genetic evaluation programs 
The beef industry generally attempts to sell what it produces rather than determining 
what the market wants and then adjusting the breeding and feeding programs to fit. In a 
recent survey, the National Consumer Retail Beef Study found that some consumers preferred 
Choice grade meat because of its taste characteristics, while others preferred the Select grade 
because of its learmess. It is clear, therefore, that there are different markets, but what the 
beef industry ignores is the size of these markets today and what their size will be in the 
short- and long-term (Cross and Savell, 1994). The Value-Based Marketing Task Force in its 
1990 report stated, that to improve production efficiency, excess trimable fat may be reduced 
20% and lean production should increase 6% while maintaining the eating qualities of beef. 
Similarly, Smith et al. (1991) reported that there is an excess of fat production in the beef 
industry. Furthermore, in 1995, The National Beef Quality Audit reported results from a 
survey performed at different levels of the beef industry chain were published. The 
conclusions of this report indicated that some of the most common problems of the beef 
industry reported in order of importance were a low uniformity and consistency of beef, low 
overall palatability, insufficient marbling , inadequate tenderness, and excessive external, 
seam and beef-trim fat. 
Among different strategies The National Beef Quality Audit proposed to assist 
producers to use selection and management techniques to produce cattle that fit customer 
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expectations for marbling and meat yield. Beef cattle selection therefore, must be focused 
on: I) increasing percentage of retail product, for which the longissimus muscle area and 
external fat have traditionally been used as indicator traits and, 2) maintaining quality for 
which marbling has been considered as a main contributor. However, without market 
differentiation, no real incentives are given for producers to purchase selected breeding stock 
and for breeders to include carcass traits in their evaluation programs. For these reasons, and 
in order to compete with other sources of food protein, a functioning value-based marketing 
system is critical to the economic well-being of the beef industry that allows producers to be 
paid for producing what consumers demand (Cross and Savell, 1994; Marshall, 1994). 
If the future of beef marketing is going to be towards a value-based system, it will 
require careful control at every step, because meat quality concerns are not only important to 
breeders but also to feeders and packers. Several breed associations and other organizations 
have become supportive of expanding carcass type genetic information on breeding animals. 
Hence, carcass measurements have been collected to publish carcass EPD information in sire 
summaries. However, before EPD for carcass merit can be used in a regular basis and in an 
efficient way, researchers and producers need to know the genetic and environmental 
relationships among carcass traits and with other production traits, such as, weaning and 
yearling weights and reproduction efficiency to develop effective breeding schemes 
(Marshall, 1994; Cross and Savell, 1994; Arnold et al., 1991). 
B. Heritabilities, genetic and phenotypic correlation estimates of carcass traits 
Heritability estimates for carcass traits are generally moderate to high, averaging .47, 
.44, .38, .49, .42, .55, and .29, for carcass weight, fat thickness, marbling, loin muscle area, 
cutability and shear force, respectively, as reviewed by Koots et al. (1994). These estimates 
indicate that there exists sufficient genetic variation within breeds to change carcass merit for 
given individual carcass traits. However, effectiveness of multiple-trait selection for some 
trait combinations could be slowed by genetic antagonisms between traits, suggesting, in 
some cases, to use terminal breeding systems with complementary sire and dam genetic types 
(Koch et al., 1995; Marshall, 1994; Arnold et al., 1991; Kriese et al., 1995). 
Table 1 summarizes the phenotypic and genetic correlations among carcass traits. 
The phenotypic correlation of carcass weight with fat thickness and marbling were positive 
and moderate (Koch et al., 1982; Lamb et al., 1990; Wilson et al., 1993), and of carcass 
weight with ribeye muscle area were positive and high (Koch et al., 1982; Lamb et al., 1990; 
Veseth et al., 1993). These studies indicated therefore, a stronger phenotypic association 
between carcass weight and ribeye muscle area than between carcass weight with fat 
thickness and marbling. The genetic correlation between carcass weight and ribeye muscle 
area was positive and moderate to high (Koch et al., 1982; Lamb et al., 1990; Veseth et al., 
1993; Wilson et al., 1993; Gregory et al., 1995) and between carcass weight and fat thickness 
was positive and moderate (Koch et al., 1982; Lamb et al., 1990; Wilson et al., 1993; 
Gregory et al., 1995). Genetic correlation estimates between carcass weight and marbling 
ranged from positive (Koch et al., 1982; Lamb et al., 1990; Veseth et al., 1993), to null 
(Wilson et al. 1993; ASA, 1993) and to negative (Koch, 1978; Koch et al., 1982). Increasing 
carcass weight was associated with increasing fat thickness and loin muscle area, and 
possibly increasing marbling (Koch et al., (1995). According to Koch et al. (1982), carcass 
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Table 1. Genetic (below diagonal) and phenotypic (above diagonal) correlations among 
Trait Carcass Fat Marbling Ribeye Cutability Warner- Tenderness 
weight Thickness Score muscle blazer 
(a) (b) (d) area(e) (f) (S) (h) 
A .42(1) .18(1) .37(1) -.31(2) .0(2) 
.36(2) .13(2) .43(2) 
.38(5) .28(5) .58(5) 
.24(12) .28(11) .58(11) 
.08(12) .43(12) 
.09(13) 
B .95(1) .25(1) -.08(1) -.74(2) -.01(2) 
.08(2) .24(2) -.15(2) 
.14(5) .38(5) .04(5) 
.38(12) .12(12) -.08(12) 
.13(14) 
D -.33(1) .73(1) -.03(1) -.37(2) -.12(2) .19(9) 
.25(2) .16(2) .03(2) -.21(5) -.18(9) 
.64(5) .73(5) .19(5) -.15(10) 
.38(11) -.13(12) .00(9) -.07(13) 
-.06(12) .44(14) .16(11) 
.07(13) .37(15) -.01(12) 
E .02(1) .03(1) -1.34(1) •53(2) -.28(2) -.04(9) 
.44(2) -.44(2) -.14(2) 
.68(5) -.04(5) .57(5) 
.80(11) -.06(12) -.40(9) 
.47(12) -.06(14) .51(11) 
.66(14) -.47(15) -.04(12) 
-.02(14) 
-.38(15) 
F -.11(2) -.74(2) -.37(2) .53(2) .03(2) 
-.36(5) 
-.12(10) 
-.12(13) 
G .00(2) .26(2) -.25(2) -.28(2) -.16(2) -.70(9) 
-.53(9) -.14(9) 
H .74(9) -.04(9) -.96(9) 
"Number in parenthesis indicates estimate source. 1) Koch, 1978; 2) Koch et al., 1982; 3) 
Benyshek, 1981; 4) MacNeil et al., 1984; 5) Lamb et al., 1990; 6) MacNeil et al., 1991; 7) 
Reynolds et al., 1991; 8) Shackelford et al., 1992; 9) Van Vleck et al., 1992; 10) Woodward 
et al., 1992; 1 l)Veseth et al., 1993; 12) WUson et al., 1993; 13) ASA, 1993; 14) Gregory et 
al. (1993); 15) WUson et al., 1976. 
weight is genetically negatively correlated with cutability and unconelated with Warner-
Blazer shear. 
Reported genetic correlations between ribeye muscle area and fat thickness are either 
negative (Koch et al., 1982; Arnold et al., 1991) or close to zero (Wilson et al., 1993; Lamb 
et al., 1990; Kriese and Schalles, 1994), thus, to reduce fat thickness and increase lean 
production will be possible. However, most of the results in the literature indicated that 
increasing lean production will decrease marbling because of its positive association with fat 
thickness (Koch, 1978; Koch et al., 1982 ; Lamb et al., 1990) except for Wilson et al., (1993), 
who found a negative genetic correlation between fat thickness and marbling from Angus 
field data. These researchers concluded that increasing lean percentage may be possible 
while maintaining or increasing marbling. Despite, the numerical correlation between ribeye 
muscle area and marbling ranged from negative (Van Vleck et al., 1992; Wilson et al., 1976) 
to null (Wilson et al., 1993; Gregory et al. (1993); Koch et al., 1982) and to positive (Lamb 
et al., 1990; Veseth et al., 1993), several researchers concluded that selection for increased 
percent muscle yield without simultaneous selection for marbling would result in decreased 
marbling because of the general antagonistic relationship between these two traits (Dikeman 
and Dolezal 1995; Marshall, 1994). Few studies in the literature reported heritability 
estimates for percentage of intramuscular fat. Koots et al. (1994) reported a percent 
intramuscular fat heritability of 0.49, a genotypic correlation of .26, .33, .20 and .98, and a 
phenotypic correlation of .13, .27, -.11 and .63 or percent intramuscular fat with carcass 
weight, fat thickness, loin muscle area, and marbling, respectively (Table 1). In this study, 
the phenotypic correlation between percent intramuscular fat and marbling was lower than 
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expected (.63), similar to the estimate reported by Izquierdo et al. (1996). However, a genetic 
correlation of .98 indicated that both traits are under the same genetic control. 
The genetic correlation between carcass traits and growth traits presented in Table 2, 
also need consideration in designing breeding programs to improve carcass merits. In 
general, many carcass traits have positive genetic correlation with weaning and post-weaning 
traits (Koch, 1978; Koch et al., 1982; Lamb et al., 1990; Veseth et al., 1993). The genetic 
correlation between marbling and pre- and post-weaning gain varied among studies, however, 
with the exception of Koch (1978), who reported negative estimates. Many studies agreed in 
a positive association between marbling and pre- and post-weaning traits (Koch et al., 1982; 
Lamb et al., 1990; Veseth et al., 1993). Therefore, there is probably a positive association 
between marbling and pre- and post-weaning traits. Additionally, Arnold et al. (1991) 
indicated that marbling was uncorrelated to weaning weight and positively related to post-
weaning gain on a weight constant basis. 
Genetic correlation between carcass fat thickness and preweaning growth was positive 
(Koch, 1978; Koch et al., 1982; Lamb et al., 1990). In addition, genetic correlation between 
carcass fat thickness and post-weaning growth varied from positive (Koch, et al., 1978), to 
null (Koch et al., 1982; Lamb et al., 1990) and to negative (MacNeil et al., 1991) for data 
adjusted to 365 days. For data adjusted to a constant weight, fat thickness was negatively 
related to weaning weight (-.28) but positively related to post-weaning gain (.17) (Arnold et 
al., 1991). In conclusion, there is not a clear association between fat thickness and post-
weaning traits. Few studies reported the genetic correlations between carcass traits and 
reproductive performances, but some indicated that intensive selection for leanness would 
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Table 2. Genetic and phenotypic correlations of carcass traits with growth traits (age-
adjusted) ^ 
Phenotypic correlations Genetic correlations 
Trait Weaning weight or Post-weaning Weaning weight or Post-
preweaning gain gain preweaning gain weaning 
gain 
Carcass wt •59(1) .74(1) .48(1) .78(1) 
.61(2) .72(2) .73(2) .89(2) 
.68(11) .64(5) .94(5) .94(5) 
.79(11) 1.11(11) 1.11(11) 
Fat depth .12(1) .32(1) .59(1) .62(1) 
.31(2) .17(2) .04(2) .05(2) 
.20(11) .29(5) .49(5) .05(5) 
.24(6) -.20(6) 
Marbling -.05(1) .20(1) -.02(1) -.62(1) 
.10(2) .07(2) .31(2) -15(2) 
.15(5) .24(5) .71(5) .48(5) 
.02(10) .24(11) .16(10) .19(11) 
.16(11) .81(11) 
^Number in parenthesis indicates estimate source. 1) Koch, 1978; 2) Koch et al., 1982;; 5) 
Lamb et al., 1990; 6) MacNeil et al., 1991; 10) Woodward et al., 1992; 1 l)Veseth et al., 
1993; 
increased age and weight at puberty and reduced fertility (MacNeil et al., 1984; Arnold et al. 
1991). 
Several reasons can be addressed to explain the reported variation in heritability and genetic 
correlation estimates. In general, literature estimates were calculated from small data sets 
representing a large diversity of genotypes, ages, and management systems. In addition, a 
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common carcass adjustment end point is needed to compare heritability estimates among 
future studies. 
C. Heritability, genetic and phenotypic correlations of ultrasound-measured traits^ 
Carcass EPD have limitations because of the time and expenses in collecting carcass 
data, and because animals must be slaughtered to collect the records. Consequently, sires 
will never have their own record, and carcass EPD will always be based exclusively on 
progeny testing. However, progeny tests of carcass traits implies that a sire is going to be 
older than 39 months of age before its first progeny are slaughtered and therefore, rapid 
genetic change can not be expected (Kriese and McElhenney, 1995). Further, selection based 
on ultrasound-measured traits in young cattle could allow for a more rapid and economical 
genetic progress by decreasing generation interval, and providing additional information to 
producers on young bull's own performance (Kriese and McElhenney, 1995; Johnson et al., 
1993). However, before this technology can be incorporated into National Genetic 
Evaluation Programs, reliable heritability estimates need to be calculated and questions need 
to be answered such as: 
-What is the accuracy of ultrasound in measuring carcass traits? 
-What are the genetic associations between ultrasound traits and other traits? 
-Can yearling bulls and heifers predict the carcass composition of their steer progeny? 
As stated by Kriese and McElhenney (1995), Evans et ai. (1995), Arnold et al. (1991) and 
Koch et al. (1995). 
" Ultrasound fat thickness and ultrasound ribeye are measured at the point between IZ"" and IS"" rib. as are 
corresponding carcass traits. 
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Ultrasound currendy provides a high accurate estimate for 12-IS"* rib fat thickness 
(correlation of .9), and a moderately accurate estimate (correlation of approximately .75) for 
ribeye muscle area and marbling score, respectively (Duello, 1993; Izquierdo et al., 1996). 
Rapid progress in improving ultrasound intramuscular fat accuracy is being accomplished by 
Wilson et al. (1995), Izquierdo et al. (1996) and Amin et al. (1996). Although for now, 
ranking individual animals for ribeye muscle area and intramuscular fat based on a single 
ultrasound measurement may not be possible, real-time ultrasound measurements of ribeye 
muscle area and fat thickness taken by skilled technicians are accurate enough to characterize 
half-sib sire groups to be used in genetic evaluation programs (Kriese and McElhermey, 
1995; Koch, 1995; Waldner et al., 1992). No study was found in the literature that studied 
the possibility of characterizing half-sib sire groups by using ultrasound predicted 
intramuscular fat. 
Ultrasound-measured traits have moderate heritability estimates (.26, .40, .21, .11, 
.27, and .28, .14, .30, .36 and .27 for ribeye muscle area and 12-13"* rib fat thickness as 
indicated respectively, by Arnold et al. (1991), Johnson et al. (1993), Robinson et al. (1993), 
Shepard et al. (1995), and Kriese and Schalles (1994). Some studies indicated that 
heritabilities for ultrasound-measured traits are considerably lower than those of 
corresponding carcass traits (Lamb et al., 1990; Turner et al., 1990; Arnold et al., 1991). 
Contrarily, Kriese and McElhenney, (1995), reported heritability estimates of .29 and .15 for 
ultrasound and carcass fat thickness, respectively and .37 and .15 for ultrasound and carcass 
loin muscle area, respectively. 
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The relationship between fat thickness and ribeye muscle area, as measured with 
ultrasound in young bulls and in their slaughter progeny carcasses is somewhat confusing. 
Considering that the genetic correlation between carcass fat thickness and carcass ribeye 
muscle area was traditionally reported to be negative (Koch et al., 1982; Arnold et al., 1991; 
Wilson et al., 1993; lamb et al., 1990; Kriese and Schaller, 1994), and additionally, a positive 
genetic correlation between ultrasound fat thickness and ultrasound ribeye muscle area in 
yearling animals was reported by Arnold et al. (1991), Evan et al. (1995), Kriese and 
McElhenney, (1995). Seed stock producers may be confused by trying to interpret ultrasound 
fat thickness measurements made on bulls and heifers as these measurements relate to carcass 
traits of their slaughter progeny. 
Several theories have been given to present a logical explanation for the possible 
contradictory relationship between fat thickness and ribeye area in young bulls and this 
relationship on its steer progeny. For example, Arnold et al. (1991) explained that a positive 
relationship between ribeye muscle area and fat thickness in bulls, implies that the faster 
growing, heavier bulls tend to have larger ribeye muscle area and also greater fat thickness 
and this association is more an expression of growth than an expression of maturity. Evans et 
al. (1995), explained that the contradictory genetic correlation between fat thickness and 
ribeye muscle area for young bulls and fed steer progeny is likely related to differences in 
ages and in fat accretion rate. Since low-growth bull progeny, slaughtered on a weight 
constant basis, should be older than high-growth bull progeny at slaughter time, and 
therefore, older animals deposit more fat in relation to muscle. By working on the typical 
animal growth curve, the researchers concluded that selecting cattle with a small amount of 
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fat thickness based on ultrasound at yearling will result in steer progeny with more instead of 
less cover fat at slaughter time, if slaughter is at a constant weight. This theory agrees with 
Trenkle, (1983). Trenkle indicated that bulls with low genetic potential to grow muscle, fed 
a high energy diet may become too fat before muscle grow it is completed (Rouse, 1990 
Personal communication). 
In order to clarify whether ultrasound measurements in yearling bull could be used to 
predict progeny carcass merit, Kriese and McElhenney, (1995), computed the genetic 
variance and the genetic correlations between ultrasound fat thickness and ultrasound ribeye 
muscle area and between carcass fat thickness and carcass ribeye muscle area for bull and 
steer progeny separately. The researchers concluded that ultrasound traits at yearling and 
corresponding carcass traits at slaughter have positive genetic correlations and therefore, 
ultrasound measures in yearling bulls will predict carcass traits in their bull and steer 
progeny. 
A negative genetic correlation between carcass fat thickness and carcass loin muscle 
area, does not necessarily mean that leaner bulls at yearling age will sire steers with more 
disposition to deposit fat as indicated by Evans et al. (1995). Before any further discussion 
on genetic contradiction between ultrasound and carcass traits, several consideration should 
be addressed: 
1) Breeding cattie are not fed ad libitum as are their steer progeny, for this reason, 
ration energy is sufficient to grow muscle but not to deposit extra fat, since fat is 
only deposited when extra energy is fed. Therefore, yearling bulls will not fully 
express fat deposition genes at scanning time. 
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2) Bulls with high degree of fat thickness at yearling age, may have more fat cells 
than bulls with small fat, and therefore, will deposit more fat also during the 
feeding period, since total amount of fat is related to the number of fat cells 
(Robeling, 1981). 
3) During the feeding period, without energy restriction, fat tissue increases at a 
quadratic rate while muscle increases linearly (Owen et al., 1995). 
4) Considering an animals' growth curve, steers will stop growing muscle earlier 
than bulls and will grow fat earlier and at a faster speed than bulls, (Berg et al., 
1979; Tmscott et al., 1980; Jones et al., 1991). For this reason correlations 
between fat thickness and ribeye muscle area can have different meanings if traits 
are measured at a constant weight or at a constant age. 
With the exception of parameters reported by Koch et al. (1982), Wilson et al. (1978), 
and Arnold et al. (1991), several reported correlation estimates between carcass fat thickness 
and ribeye muscle area were negative but very close to zero (Koch, et al., 1978; Lamb et al., 
1990; Wilson et al., 1993; Gregory et al., 1995). It seems that constant weight end point 
increases the negative association between carcass fat thickness and carcass loin muscle area. 
There is a possibility for ribeye muscle area to be uncorrelated genetically with fat thickness 
and marbling for maturing animals (at a constant physiological age). In support of this. 
Turner, (1990) concluded that ultrasound ribeye muscle area and ultrasound fat thickness in 
yearling animals are independent traits (r = -.07). Kriese and McElhenney (1995) reported a 
genetic correlation of .23 between ribeye muscle area and fat thickness indicating as well a 
small genetic association. 
It can be speculated that age-adjusted ultrasound fat thickness and ultrasound ribeye 
muscle area in yearling bulls have a positive but not very strong association (r = .27) as both 
are the expression of growth genes. However, fat thickness and ribeye muscle area in feedlot 
bull and steer progeny may not be genetically associated as they are expression of maturing 
genes and depend on hormonal stams. At slaughter age, fattening genes are not fully 
expressed in bulls because they grow more muscle and for a longer period than steers. Thus, 
ultrasound fat thickness measured in yearling bulls will predict steer-progeny carcass fat 
thickness (r = .76) but may not predict bull-progeny fat thickness this accurately (r = .34). 
This explains why some researchers have found a heritability close to zero for carcass fat 
thickness in slaughter bulls (Duello, 1993). Likewise Reiling et al. (1991), found a small 
variation in large and medium ftame bulls slaughtered after 5,6 and 7 month feeding periods. 
However, during this period the researchers found a significant increase of loin muscle area. 
Similarly, ultrasound ribeye muscle area measured in yearling bulls will predict bull-progeny 
carcass ribeye muscle area (r = .85) but may not predict steer-progeny carcass ribeye muscle 
area as accurately (r = .48). Thus, steers may not fiiUy express their muscling potential due to 
hormonal status. Reiling et al. (1991), found little variation in ribeye muscle area in medium 
and large frame steers slaughtered sequentially after a feeding period of 5, 6 and 7 months. 
However, during this same period steers fat thickness significantly increased. Reiling et al. 
(1991) also indicated that after feeding a six month period, steers have more intramuscular fat 
than bulls, however the rate of intramuscular fat growth from month 5 to month 6 was similar 
between bulls and steers. 
In conclusion, selecting yearling bulls for low-ultrasound fat thickness may produce 
leaner bull- and steer-progeny at a constant age. However, this selection strategy may 
negatively affect growth, therefore, multiple trait selection should be used. Selecting yearlin 
bulls for high ultrasound ribeye muscle area may produce lean and high muscling bull-
progeny but may not affect steer carcass loin muscle area. On the other hand, this type of 
selection will probably increase growth rate and fat deposition in steers. 
Commercial producers will use ultrasound information according to their production 
system. If heifers are going to be fed, they may be considered similar to steers, in terms of 
fattening. Therefore, the dilemma regarding the genetic and environmental relationship 
between fat thickness in bulls and their steer and heifer progeny needs to be clarified and 
understood. Only this understanding will allow for accurate EPD for carcass traits to be 
developed and effectively used by seed stock producers and the beef industry. 
Evans and Golden (1995) concluded that using ultrasound measurements of fat 
thickness in yearling bulls cannot currently be recommended. However, if producers 
understand the interaction between genotype and sex and use it accurately, the beef industry 
can still benefit from the advantages of using ultrasound technology in yearling breeding 
animals. In addition, ultrasound allows for serial scanning in live animals, and is probably 
the best tool to investigate changes in composition with age and weight and answer many of 
the questions related with carcass EPD. Furthermore, Kriese and McElhenney (1995), did 
not support the hypothesis of Evans and Golden (1995) because they found that bulls widi 
less fat thickness at yearling will sire progeny with less fat thickness at slaughter. It is not 
going to be an easy way to select for a decrease in fat thickness and at the same time. 
38 
increasing growth and ribeye muscle area in the beef cattle population. The best way to 
select for carcass merit will be by considering selection for multiple traits. This will not be as 
efficient as selecting for a single trait, but will allow us to preserve the genetic selection for 
growth traits achieved in the past. 
There are few reports in the literature on genetic parameters for ultrasound percent 
intramuscular fat. Evans et al. (1995) reported a heritabiHty of 0.28 for gray shading as a 
measurement of intramuscular fat. 
A potential problem to develop EPD is the smaU variability of ultrasound fat 
thickness and intramuscular fat in yearling bulls, especially in some of the continental breeds 
such as Limousin, Charolais and Simmental. Additionally, heifers kept for replacement 
generally are not feed a high energy diet and do not express their full marbling potential. In 
order to increase variation and accuracy, it may be advantageous to measure fat thickness at 
the rump P8 site and over the Gluteus medium muscle. In addition, to measure intramuscular 
fat in the Spinalis dorsi, between the 9-10-11 ribs will be more appropriate because this 
locations seem to have more variation among young bulls (Herring, 1995; Williams, 1995; 
Rouse et al., 1995). 
Selection for carcass traits is not going to be a simple task. A large number of EPD's 
for different traits are going to be available in future sire summaries, and it is important that 
producers understand how to use the information. An approach will be to use selection 
indexes that consider genetic values and economic weights in order to optimize profit 
(Newman and Melton, 1995). 
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Another approach to interpret carcass EPD will be to set up target windows to relate 
EPD with progeny phenotypic performances (Wilson and Rouse, 1996). A combination of 
indexes and target windows is given by PoUak (1995). The researcher describes presenting 
carcass EPD as the frequency of progeny exceeding some level of performance or fitting into 
a window of acceptability. This probability of an acceptable carcass is the joint probability of 
meeting the criteria for all traits. This index provides a quick impression about the progeny 
performance of a sire for total carcass merits. However, the index does not provide the 
necessary information to select for individual traits. 
D. Carcass trait adjustment to a constant end point 
Today genetic evaluations are based largely on field data collection and with few 
records from designed experiments. For this reason, before valid genetic comparisons can be 
made between animals, the records must be adjusted to a constant end point so that genetic 
differences in composition can be measured. Carcass traits are commonly adjusted to a 
constant age or body weight end point. It is important that the trait and the end point are not 
genetically related, because adjusting to a correlated end point will reduce some of the trait 
genetic variation (Hamlin et al., 1995; Wilson et al., 1993). Johnson et al. (1993) found that 
genetic and phenotypic variances were smaller for carcass traits adjusted to a constant weight 
compared to those adjusted to a constant age because weight accounts for some of the carcass 
traits genetic variation. Similarly, the heritability estimate for ribeye muscle area was 
smaller when carcass weight was included in the model because both traits were correlated 
(Benyshek, 1993). Contrarily, Arnold et al. (1991) found similar heritabilities for carcass 
traits adjusted to either to constant age or weight end point. Therefore, since traits can be 
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adjusted to different end points, caution is needed in interpreting EPD obtained for both 
single and multiple trait evaluations. 
A constant age end point is normally used for evaluating changes in tissue growth and 
therefore, within breed, sex or biological type, age-constant adjustment factors will better 
compare growing animals than weight adjustments. However, relative composition in feedlot 
catde is better compared at a constant weight (Koch et al., 1995). Furthermore, if changes in 
composition are related to degree of finish then a desirable end point could be constant fat 
thickness (Wilson et al., 1993; Koch et al., 1995; Hamlin et al., 1995). However, a constant 
fat thickness is not a practical adjustment for the producers since EPD for fat thickness can 
not be computed (Wilson et al., 1993). 
It is important to study the growth relationship of carcass traits as related to both age 
and weight to decide whether linear or quadratic adjustments should be used. Thus, 
measurements of the same trait at different ages and weights will allow for a better 
understanding of carcass traits growth curves (Koch et al., 1979). Serial slaughter, however, 
is expensive and increases sampling error due to limited number of animals in each 
contemporary group. Serial ultrasound scanning offers the possibility of measuring a trait in 
the same animal over time and at different weights, and to adjust individual animal 
measurements to a constant end point (Duello, 1993; Hamlin et al., 1995). In addition, serial 
ultrasound measurement offers the possibility of not only computing individual animal 
growth regressions but also in calculating the individual rate of fat or muscle deposition for 
each animal (Duello, 1993). 
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Another adjustment procedure is the ratios, such as, fat thickness, lean weight or 
ribeye area as a per day of age or per kg of weight bases, without using regressions for a 
baseline. However, care is needed in the distribution and interpretation of ratios since ratios 
do not meet the necessary assumptions normally made in statistical data analysis (Koch et al., 
1995). 
There is not a general consensus on adjusting carcass data. Some researchers have 
found a trend of carcass fat and ribeye muscle area with age from 250 days to 426 days of age 
and from 290 kg to 600 kg of body weight. The same researchers found that there was not a 
trend for age after animals reach 426 days of age, however, there was still a weight trend 
(Hamlin et al., 1995). Contrarily, Benyshek, (1981), concluded that once the data is adjusted 
to a constant age, little change in variance component parameter estimation resulted from 
further adjustment of the data. Duello (1993) indicated that two ultrasound measurements 
taken within 60 days around 365 days of age will ensure a good linear adjustment to an age 
end point of 365 days. 
Besides adjusting the data to a common end point, there are other environmental 
effects that need to be adjusted for. For example, sex is an important source of variation in 
carcass traits (Kriese and McElhenney, 1995). For this reason, sex usually is fit in the genetic 
model as a fixed effect, however, there are strong indications that variances among sexes may 
not be homogeneous (Kriese et al., 1995). Large differences in heritability for different sexes 
will result in different rates of genetic change for each sex. Therefore, if data is analyzed 
across sex, the use of multiplicative adjustments is a possibility for reducing some of these 
differences in variance (Wiggans and Van Raden, 1991). Robinson et al. (1993) found that 
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age of dam explained a statistically signijBcant percentage of the variance and should be 
included in the model with a linear and quadratic component Other studies include age of 
dam as a linear regression or as a classificatory variable (Evans et al., 1995; Arnold et al., 
1991; Johnson et al., 1993). 
Although the common genetic models for carcass trait evaluations include only direct 
effects, some researchers concluded that maternal genetic effects were important for fat traits 
and not significant for ribeye muscle area (Robinson et al., 1993). However, Johnson et al. 
(1993) indicated that maternal variances were important for yearling ribeye muscle area but 
not for fat traits. 
E. The use of crossbreeding to speed genetic change for carcass traits 
Crossbreeding programs offer commercial beef producers an immediate alternative in 
improving carcass quality, as compared to ±e slow process of selection through progeny test 
performance. Although heterosis effects seemed non-significant for carcass composition 
traits (Marshall et al., 1994), crossbreeding can benefit carcass traits through breed 
complementarity. For example, crossing an Angus female with a Charolais sire may result in 
progeny with potential to marble without depositing excess extemal fat. Therefore, seed stock 
breeders need to define the carcass merit of their respective breeds. With this purpose, many 
comparative studies of different breeds and crossbreds for carcass performances have been 
reported (Marshall, 1994; Van Vleck et al., 1993). In addition, the US Meat Animal 
Research Center (MARC) is conducting a long project involved in Germoplasm Evaluation 
(GPE), (Koch et al., 1976; Koch et al., 1979; Koch et al., 1982). 
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There is significant variation among breeds for fat thickness, marbling and lean 
percentage (Koch et al., 1995; Van Vleck et al., 1993). For example, Koch et al. (1995) 
reported that breeds with a higher growth potential also had leaner carcasses as shown by 
plotting lean percentage and carcass weight. Van Vleck et al. (1993) measured ribeye area, 
marbling scores and shear force in the longissimus dorsi muscle and performed a taste panel 
for juiciness, tenderness and flavor. The researchers found that the Pinzgauer breed has larger 
ribeye muscle area than Hereford, Angus and Sahiwal. Whereas, Angus was superior for 
tenderness, either measured by shear force or by taste panel, marbling and juiciness and that 
Sahiwal was the least tender breed. Similarly, Marshall (1994) reported that bos indicus was 
less tender than bos taurus. Considering this variation, a balance of increased lean 
percentage and acceptable marbling in carcasses may be optimized in cattle with 50:50 ratios 
of Continental and British breed inheritance (Koch et al 1995). Contrarily, Cundiff and Van 
Vleck, (1995) indicated that crossbreeding alone will not optimize performance levels for all 
important traits because of between breed antagonistic relationship among traits. 
Additionally, commercial breeding systems with terminal-cross mating allow complementary 
use of breeds for maternal traits in dams versus growth and carcass traits in sires and thus 
reduce the problems associated with genetic antagonisms. However, the use of terminal 
breeding systems has been limited, because replacement breeding females must be produced 
outside the terminal system (Marshall, 1994). In conclusion, although crossbreeding will 
produce a more rapid change in carcass and meat attributes, it is important to pursue 
intrapopulation selection for continued improvement in seed stock herds (Cundiff and Van 
Vleck, 1995). 
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Several researchers reported that heterosis effects were not important for carcass and 
meat attributes because composite breeds were near the average of the breeds in each 
composite (Marshall, 1994). However, the same researchers found that individual heterosis 
estimates were positive for carcass weight because of its relationship to live weight. In 
addition. Van Vleck et al. (1993), assumed no heterosis effects when analyzing composite 
breeds. They obtained heritabilities for carcass traits ranging from moderate to high, 
supporting the assumption of null heterosis effects. The researchers found, however, small 
and close to zero heritability estimates for meat tendemess and juiciness and therefore, some 
heterosis may be expected for traits with such low heritability. Contrarily, other researchers 
reported that composites had a higher percentage of fat in the carcass than contributing pure 
breeds (Gregory et al., 1995). Gregory et al. (1978) found that heterosis effects estimated 
using weight-constant adjusted carcass traits tended to be much smaller than age-constant 
adjusted ones. Considering most cattle are marketed on the basis of weight, individual 
heterosis may be unimportant. The researchers also found positive maternal heterosis for fat 
traits. In summary, both between and within breed genetic variation are important for most 
economically important traits, and it is important to consider both sources of genetic variation 
in prediction of genetic merit (Cundiff and Van Vleck, 1995). 
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PREDICTION OF PERCENTAGE INTRAMUSCULAR FAT WITH ULTRASOUND 
VARIABLES IN LIVE BEEF CATTLE. DEVELOPMENT AND VALIDATION OF 
PRELIMINARY MODELS  ^^  
A paper to be submitted to the Journal of Animal Science 
M. M. Izquierdo, D. E. Wilson^, V. Amin and G. H. Rouse 
Abstract 
One hundred and thirty bulls, and 360 yearling steers from two locations in Iowa were 
ultrasonically scanned in 1991 and 1992. Three different images of the longissimus dorsi {Id) 
muscle were collected with an Aloka 500 ultrasound machine, and recorded on a Vi" 
videotape. A cross-sectional image scanned with a guide was used to measure ultrasound fat 
thickness (UFAT), and ultrasound ribeye area (UAREA). A second cross-sectional image 
scanned without a guide was used to calculate the histogram variables, and the longitudinal 
image was used to calculate the Fourier variables. Twenty-four hours after slaughter, 
marbling was scored, and a meat sample of the Id was collected to calculate the chemical 
percentage intramuscular fat (PIPAT). Data were randomly assigned to two groups, 290 
records were used to develop the prediction models (Model l-Moldel5) and 150 were used to 
validate these models. Stepwise regression was used to develop the prediction models 
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considering statistics such as, square (), Cp'Malows (Cp), and root mean square error 
(RMSE). The validation statistics compared were the residual distribution and the slope and 
intercept of the regression of actual on predicted values, as well as the correlation between 
them. Comparing Model 1 (a parsimonious model) and Model2 (a non-parsimonious model), 
concluded that Model2 is unbiased with a larger R^ and smaller RMSE than Model 1. 
Comparing Model2 with Models (Model2 plus sex) and Model4 (Model2 plus age), 
concluded that the addition of sex did not improve the prediction accuracy, and that although 
the addition of age improved the prediction accuracy, predicted values could be biased for 
animals older than 500 days. Additionally, ultrasound predicted more accurately than USDA 
graders Standard and Select marbling grades and less accurately Choice and Prime Grades. 
However, marbling scores are biased in favor of the Choice grade. 
Key words: Beef cattle. Ultrasound, Body composition. Intramuscular fat. Prediction 
accuracy. 
Introduction 
General consumer preference for trim-lean meat, and at the same time, with a quality 
grade of at least low choice (more than 4% of percentage intramuscular fat) is changing the 
selection objectives of the beef cattle breeding industry. In general, to achieve a 4% of 
intramuscular fat (PIFAT) animals deposit an excess of seam fat and fat thickness. Since the 
excess fat must be trimmed before offering the product to the consumer, breeders are being 
encouraged to implement programs that select animals with the ability to marble at an early 
age avoiding an excess deposition of seam fat and fat thickness. Breeding programs for 
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improving carcass quality implied the collection of measurements once the animal is dead. 
Therefore, even though most of the carcass traits have heritability estimates ranging from 
moderate to moderately high, no direct selection can be performed and breeding evaluation 
programs for these traits must be based exclusively on progeny tests. 
Ultrasound technology offers a different altemative to beef breeding programs for 
carcass merit, because it allows one to measure the trait in the live animal in a noninvasive 
manner and at a reasonable cost as indicated by Wilson (1992). An accurate ultrasound 
PIFAT measurement of feedlot cattie could allow one to predict quality grade before 
slaughtering, and measured in young seed stock, will allow one to select the best animals as 
future parents. Currently, USDA graders classify carcasses for quality using subjective 
marbling scores. However, PIFAT is a more accurate way of quantifying the degree of 
marbling because it is a quantitative measure of fat, within a volume, whereas, marbling 
score is a subjective appraisal of the fat in the surface of the meat and considers other factors 
such as age, color, sex and fat distribution. 
Ultrasonic technology has been used to predict 12'*'-13'*' subcutaneous fat (FAT) and 
12th_i3th jjijgyg (AREA) with a correlation slightly larger than .9 and .8 respectively, 
between the acmal and the ultrasound measurements (Duello et al., 1993 and Smith et al., 
1992). Relatively few studies have been conducted to study the accuracy of ultrasound in 
predicting PIFAT. Brethour (1990) correlated marbling score with subjective speckle scores 
from ultrasound images. Whittaker et al. (1992) reported that the number of local maxima 
from shear probe was the parameter most highly correlated with marbling score. For the 
researches this parameter was the best possible PIFAT predictor because the discontinuity of 
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the Fourier spectrum is caused by an inhomogeneous fat concentrations in the longissimus 
dorsi. Wilson et al. (1993), reported that the combination of histogram variables and Fourier 
variables in a multiple regression model was positively correlated with the PIFAT. 
The objectives of this study were: 1) to investigate the ability of ultrasound 
technology to predict PIFAT by using image histogram and Fourier variables along with 
other measurements, such as ultrasound fat thickness (UFAT), combined in multiple 
regression models; 2) to compare the diagnostic statistics from five different models in 
determining the best model to predict PIFAT; 3) to test the merit of using ultrasound 
predicted PIFAT values to classify carcasses into the appropriate USDA quality grade as 
compared to subjective marbling scores. 
Materials and Methods 
Description of the data. One hundred thirty nine yearling bulls and 360 yearling steers from 
the ISU Rhodes and McNay research locations were serially scanned at 30-day intervals in 
1991 and 1992. All catde were bom in spring (March-April) weaned in fall, and started on 
feed in November. Cattle were fed a 85% concentrate com-com silage diet. These cattle 
were part of a serial scan and serial slaughter project designed to evaluate sex and age 
differences in carcass composition to perform genetic evaluation of carcass traits either by 
using actual data and real time ultrasound (RTU) data. 
The animals were restrained in a squeeze chute to collect the ultrasound images and 
the scanning site was determined by physical palpation of the 13th rib. Once the position 
between 12th and 13th rib was located, the animal was clipped, oiled and curried until the 
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hide and hair were free of dirt. Then oil was applied again for an optimum image quality. 
Vegetable oil was used as the couplant to obtain acoustic contact. After the scan site was 
prepared and the animal was standing in a natural position, two different scans without guide 
of the longissimus dorsi were collected on the right side of the animal. One scan was across 
muscle section between the 12th and 13th rib and parallel to the ribs, this scan images the 
entire section of the longissimus dorsi {Id) muscle. The second scan was taken longitudinal 
to the muscle and across the Ilth, 12th and 13th ribs approximately 15 cm from the midline 
of the animal. This scan produces an image of the Id muscle with the rib cross section at the 
bottom of the image. A third scan was recorded using a Superflab (Nicks Radio-Nuclear 
Instruments, INC., Bronx, NY) transducer guide cut in the general curvature of the animals 
back to ensure proper contact between the ultrasound transducer and the animal. This image 
was used to calculate the hide thickness (UHIDE), the fat thickness (UFAT), and the ribeye 
area (UAREA). 
Images were collected using an ALOKA 500V ultrasound machine (Corometrics 
Medical System Wallingford, CT) equipped with a 3.5 Mhz 17 cm linear array transducer 
developed specifically for animal applications A grabbed image from the ALOKA machine, 
was recorded in a standard one-half inch VHS video cassette recorder for later interpretation. 
The image contained the date and the animal identification number. On the same day the 
scans were recorded, the animals were weighed and measured for hip height. Recorded 
images were digitized using a 486 PC with a video frame grabber from Data Translation. 
Image precision was performed by using the software package IMAGE PRO-PLUS (Media 
50 
Cybernetics, Silver Spring, Maryland). This computer software can be used to support 
histogram and Fourier spectrum analysis of a digitized image. 
To perform the histogram analysis, the digitized image of the cross section of the 
muscle was first visualized in the PC monitor. Then, a region of interest, preferably free of 
undesirable signal noise was traced with the mouse. Within this region, the histogram of the 
frequency distribution of the 256 gray scale pixels and the mean (MEAN), the standard 
deviation (STD), the maximum (MAX) and the minimum (MIN) of these pixel distribution 
were calculated. The histogram of the distribution of pixels and the calculated histogram 
statistics were stored in an list' file. 
The next step in the analysis process was to apply Fourier spectrum techniques for 
texmre analysis. A square portion of fixed size of 128*128 pixels was selected from the 
digitized longitudinal image as visualized on the PC monitor. The Fourier spectrum data was 
used to calculate the Fourier variables: Fourier power intensity mean (IM), Fourier power 
intensity standard deviation (ISD), Fourier distance mean (FM), Fourier distance standard 
deviation (FSD), and Fourier intensity count (FIC). These variables were stored in a 'fft' file. 
The Fourier distance mean is defined as the euclidean distance of each pixel in the Fourier 
spectrum to a central pixel, the IM is the mean of the intensities of all the pixels whose gray 
scale value exceed a threshold, that in this study was zero, and FIC is the total number of 
pixels in the Fourier spectrum having intensities greater than a threshold that was zero too. 
Additionally, the moment (Mil) was also calculated from the region of interest. 
The animals were slaughtered within no more than 3 days after scarming. At the packing 
facility (Caldwell PACK, Windown, MN), a slice was obtained from across the longissimus 
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dorsi muscle at the 12th rib on each carcass. This rib facing was used to determine the 
percentage of intramuscular fat. The procedures involved extraction in a Soxhlet apparatus 
with petroleum ether (No. 960.39, AO AC, 1990). The lipids from 5 g of blended sample 
were transferred to a Whatman 22 x 80 cellulose extraction thimble which had been 
previously weighed. The sample was placed in a drying oven for at least 13 hours. Samples 
were removed from the oven and allowed to cool in a dessicator. Dried weight was then 
recorded. The dried samples were then extracted in the Soxhlet apparatus for at least 6 hours. 
Following extraction, the samples were dried in a drying oven for at least two hours. 
Samples were then removed from the oven and allowed to cool in a dessicator. The extracted 
weight was then recorded, and IMF percentage was calculated. The marbling score was 
determined by a USDA grader after a 24-hour chilling period. 
Statistical analysis. Bad quality images were rejected, thus, after editing the data, a total of 
440 images remained, 326 from steers and 114 from buUs. The 440 images were randomly 
divided into two groups. One group (290 images) was used to study the variability explained 
by the histogram, the Fourier and ultrasound variables such as UHIDE, UP AT, and UAREA 
in predicting intramuscular fat and to develop a multiple regression model to predict future 
observations. The other set of images (150) were used to validate and test the accuracy of the 
prediction model obtained with the first set of images. This process is described in Figure 1. 
The absolute frequency of each gray scale pixel was normalized to a constant number 
of pixels (64), and the normalized frequencies were used to calculate additional histogram 
variables such as the sum of the frequency of the pixels with a gray scale from 1 to 13 (XA), 
from 14 to 27 (XB), from 28 to 39 (XC), from 40 to 51 (XD), and from 52 to 64 (XE). The 
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mode of the histogram (MO), the mode times its frequency (MOF), the skewness (SKW), and 
the Kurtosis (KUR) were also calculated. These histogram variables and the MEAN, STD, 
MAX, and MIN were designated the histogram variables. 
As explained in Figure 1, the histogram variables, the Fourier variables and the 
UHIDE, the UFAT and the UAREA were the set of independent variables used in the 
development of the prediction model. Actual PIFAT was the dependent variable (Figure 1). 
The stepwise regression procedure (SAS 1985) was used to select among the previously 
described variables those that explain part of the PIFAT variation, and therefore, have 
prediction ability. Variable selection was based mainly on three statistics: 1) the R"-square 
(R"), a statistics that provides information on the amount of variation explained for by the 
model in relation to the total variation, 2) Root Mean Square Error (RMSE), a statistics that 
provides information on true error and the squared bias, and 3) Cp Mallows (Cp), a statistics 
used to measure the relationship between the squared true error and ±e squared lack of fit in 
the residual error and is a function of the number of the regressors or variables used (Mallows 
1973). Moreover, the selected variables were those that give the largest R" in addition to the 
minimum MSE, and always consider the smallest number of variables possible. As a result 
of the stepwise regression, a set of variables were selected to use in a prediction model for 
PIFAT (Model2). 
Model2 is the best possible model to predict PIFAT. However, it is not a 
parsimonious model, and some of the variables account for a small portion of the PIFAT 
variation. Since not all the selected variables in Model2 were highly significant, some of 
them will perhaps only account for noise and introduce bias in future predictions (Hassen et 
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al., 1995). Therefore, Model2 may not be a very robust and consistent model in predicting 
PIFAT. For this reason, it was important to study the possibility of using a more 
parsimonious model that included only significant variables. A more parsimonious model 
(Modell) was developed with the same procedures used to develop Model2 but included 
exclusively variables with significant probability values in the stepwise regression (P<0.05). 
Modell, although giving a larger RMSE and a smaller R" than Model2, may be more 
robust for future predictions. In addition to the previous ultrasound variables, sex and age of 
the animals were variables that account for some of the PIFAT variation, and for that reason, 
to include them in the prediction model may contribute to a decrease in RMSE, and an 
increase in R~. Hence, three more prediction models were developed by adding sex and age 
to Model2, each separately, and finally with both included. Model3 included the same 
variables as Model2 plus sex effects. Model4 included the same variables as Model2, plus 
age effects. Finally, Model5 included similar variables as Model2 plus sex and age effects. 
Predicted MSB (PMSE), predicted R^ square (PR^) and the coefficient of variation 
(PCV) from the regression model were computed and used to compare the different models. 
Each prediction model was validated with the set of independent observations as indicated in 
Figure 1. Predicted values for PIFAT were obtained for every animal in the validation test set 
using each prediction model. The statistics analyzed to evaluate and compare the validation 
results from the different models included the validation (V) MSE (VMSE), the R* square 
(VR^) the coefficient of variation (VCV), the intercept and the slope of the regression 
between the actual and the predicted PIFAT values for animals in the validation set. Further, 
the correlation (R~) between the actual and the predicted PIFAT was computed The range 
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or interval of the predicted values (VINT) was also computed as an indicator of the ability of 
the model to predict values in the extremes of the distribution. Residuals were plotted 
against the predicted values to verify whether they were uncorrelated and distributed around a 
mean equal to zero and to identify outliers (Rawlings, 1988). 
Houghton and Turlington (1992) indicated that the correlation between predicted and 
actual values has interpretation limitations because it does not account for bias. A better 
understanding of the overall fit of a model can be obtained by looking at the distribution of 
the residuals. The residual of each observation was classified into one of the six categories: 
fromO to ±.5, from ±.51 to ±1.0, from ±1.1 to ±1.5, from ±1.51 to ±2.0, from ±2.1 to ±2.5, 
from ±2.51 to ±3.0 and > ±3. The distribution of the residuals was reported as the 
cumulative frequency distribution from 0 to ±.5, from ±.51 to ±1.0 and so forth until ±3 and 
more. This offers a concise picture of how many predictors have residuals smaller than 0.5, 
or between 0.5 and 1.0 and so forth and gives a good understandiag about the fit of the 
model. 
Chemical PIFAT was converted into four marbling quality grades: standard, select, 
choice and prime. Values of PEFAT less than 4% were classified as USDA Standard, values 
from 4% to 4.9% were classified as USDA Select, values from 5% to 7.9% as USDA Choice 
and PEFAT values larger than 8% were classified as USDA Prime, as defined by BIF (Beef 
Improvement Federation) guidelines, based in the work conducted by Rouse et al. (1993). 
The distribution of actual PIFAT across these quality grades is presented in Table 1. 
Predicted PIFAT of the animals in the test data set were also classified as Standard, Select, 
Choice and Prime, using the same criterion. Similarly, marbling scores from 'abundant' to 
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'practically devoid' were converted to quality grades, as described by the BIF guidelines. 
Marbling scores of 'practically devoid' and 'traces' were classified as Standard quality grade, 
'slight' as Select, 'small', 'modest' and 'moderate' as Choice and 'slighdy abundant', 
'moderately abundant' and 'abundant' as Prime. A two way firequency Chi square analysis of 
the classes derived from Model2 predicted PIFAT and those derived from actual PEFAT was 
used to calculate the percentage of correct classifications and the percentage of 
misclassifications. Similarly, a two way frequency analysis of the classes derived from 
marbling scores and those derived from actual PEFAT was used with the same purpose. 
Results from both frequency distributions were compared. 
Results 
Table 1 represents the distribution of PIFAT across years and sexes for both the 
prediction and validation data sets. In 1992, all animals were castrated hence, no bull means 
are present. The PIFAT steer means were 1.5% and 1% higher than bull means within both 
the validation and prediction sets, respectively. The differences in variances between both 
data sets were not significant and could be considered as sampling variances caused because 
of small number of animals in every subgroup. Table 2 represents the distribution of 
marbling within years and sexes for both the prediction and validation data sets. Marbling 
score means agree with PIFAT means, across years and sexes for both data sets. The 
differences in marbling variances between both data set were significant for bulls in 1991 and 
for steers in 1992. Likewise, these differences in variances may be attributed to sampling 
error. 
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As indicated in Table 3, there were no bulls and only two steers in the validation data 
set belonging to USDA Prime and only 1 bull and 9 steers belonged to this class in the 
prediction data set. Seventy-five percent of the bulls classified into Standard and Select 
quality grades and only 25% of the bulls classified into Choice, versus 50% of steers 
classified into the Choice class. 
Table 4, summarizes results obtained in the prediction and validation process, for the 
five prediction models. To better understand the results, it is important to recall the process 
described in Figure 1. All important variables were included in each model. For this reason, 
only small differences may be expected among them. For example, Model2 included a large 
number of independent variables, and although some of variables account for only a small 
portion of the variation, they did improve model prediction accuracy. Model2, therefore, is 
more specific for the data set used to develop it than Model 1 that contains exclusively the 
significant variables. Comparisons of Model 1 and Model2 statistics in Table 4 indicates that 
the PMSE is smaller for Model2 than for Model 1. However, the VMSE is similar for both 
models. Similarly, the PR2 is larger for Model2, but in the validation procedure VR" is 
similar for both models. The diagnostic statistics indicate a better prediction ability of 
Model2 versus Model 1. 
As stated by MacNeil (1983), an unbiased prediction model should result in intercepts 
closes to zero and slopes not different than one when the actual values are regressed on the 
predicted. The regression between the actual and the predicted values of PBFAT had an 
intercept close to zero and a slope not different than one for Model2. However, the 
regression of acmal PIFAT on PIFAT predicted with Modell resulted in an intercept 
57 
significantly biased (-1.07) but the slope was not different than one. Again, Model2 revealed 
a better prediction ability than Model 1. Providing that a model is unbiased, the correlation 
between actual and predicted values is an indicator of the accuracy of the model, specifically 
if animals need to be ranked. However, correlation never should be considered as the single 
criterion to select a model because bias carmot be accounted for (Houghton and Turlington, 
1993). The correlations between the actual and the predicted PIFAT were .66 and .67 for 
Model! and Model 1, respectively. The prediction interval is also an important statistic 
because this gives information on the model's ability to predict values in the extremes of the 
distribution. Model2 is able to predict values from 2.09 to 9.178% and Model 1 from 2.84 to 
7.58%. This means, that the additional variables included in Model2 may increased the 
ability to predict more accurately animals with PIFAT levels further from the mean. For this 
reason, Model2 has an important advantage over Model 1. 
The plot of residuals versus the predicted values is a good indication of the fit of a 
model (Rawlings, 1988). Both models had uncorrelated residuals around a mean of zero with 
some outliers larger than ±3%. As indicated by Houghton and Turlington (1993), the 
cumulative frequency distribution of the residuals is, probably the best indicator of the 
accuracy of a model. Comparing the distribution of the residuals for Model 1 and Model2 in 
Table 5, Model2 predicted 54.5% of the animals within error ±1.0% versus Model 1 which 
predicted 44.8% of the animals within ±1.0% error. These differences, however, are smaller 
for the residual classes > ±1.0%. In conclusion, Model2 will predict percentage IF AT more 
accurately than Model 1 for this data set. 
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Previous non-published results, indicate that adding sex and age of the animal in the 
prediction model will increase prediction accuracy. However, including age in the prediction 
model will considerably bias the predicted values when older animals are scanned, and will 
not allow predictions for animals with unknown ages. In addition, different breeds or 
animals of different bUological types may have different rate of fat deposition with age 
producing inaccurate PDF AT predicted values. Therefore, including age in the prediction 
model restricts its use and reduces robustoess. Model3, developed by adding sex to Model2, 
reduces the PMSE slightly but not the VMSE, and increases slightly both PR^ and VR" 
(Table 4). Similarly, results in Table 4, indicate that PMSE and VMSE are smaller for 
Model4 than for Model2 and PR^ and VR~ are slighdy larger for Model4. 
Results of the regression and correlation procedures between actual and predicted 
PEFAT, as well as the intervals of the predicted values, are very similar for both Model2 and 
Models. Results in Table 5 indicate that Model3 is able to predict 28.7% of the animals 
within ±.5% and Model2 predicts 26.6% animals within the same error. These differences, 
however, are smaller for residual classes > ±.5%. Therefore, the addition of sex does not 
provide improvement in predicting percentage PIFAT for this set of animals. Although the 
correlation between acmal and predicted PIFAT is higher for Model4 than for Model2, the 
interval of the predicted values is smaller for Model4. Model4 predicted 3% more animals 
within ±0.5% However, this difference does not remains in the other residual intervals as 
indicated in Table 5. Therefore, to include age in the model may slightly increase the 
accuracy of the predicted values, if the age of the animals ranges from 400 to 500 days. The 
authors do not reconunend including age as a covariate in the prediction model, because of 
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how it limits the robustness of the model. Model5 includes both age and sex, but does not 
provide any improvement of the model as shown Tables 4 and 5. 
A major question is: It is possible to predict PIFAT in live animals using ultrasound 
techniques within an acceptable degree of error? Each predicted PIFAT has an associated 
prediction error, as does any predicted value. Predicted PIFAT error is caused by sources of 
variation not accounted for in the prediction model, such as technician, temperature, 
ultrasound machine. Additionally, part of this error is intrinsic to the animal because 
ultrasound and image analysis technology will not distinguish between fat and connective 
tissue, and as indicated by Fellingham and Sonomer (1984), collagen-containing tissues can 
generate acoustic scattering which will be erroneously imaged as fat. 
Both predicted PIFAT and USDA marbling scores were compared to actual 
chemically determined PIFAT. Using chemical fat as the reference. Table 7 summarizing the 
percent of animals classified correctly using ultrasound. Ultrasound techniques classified 
correctly 52.54% of the Standard animals, 37.04% of the Select, 63% of the Choice and only 
10% of the Prime. Results summarized in Table 6 indicate the USDA grader correctly 
classified 13.56% of the Standard, 33.33% of the Select, 78% of the Choice and 40% of the 
Prime animals. Results in Table 7, also indicate that the USDA marbling scores are biased 
towards the choice grade. Prediction models do not classify Prime animals properly, which 
can be explained because there are few Prime animals to develop and test the models (Table 
1). 
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Discussion 
Several Fourier variables have higher significance levels than histogram variables in 
predicting PIFAT. There were small differences in prediction accuracy among the five 
selected models in predicting PIFAT, because each included the most significant (P > 0.05) 
variables. Because of the low correlation between acmal and predicted values, it is not 
advisable to rank individual animals using a single ultrasound measurement. However, the 
magnitude of the RMSE and the distribution of the residuals indicate that ultrasound can be 
used to differentiate animals 2% PIFAT apart with an accuracy of 80%. Adding sex or age 
only slightly improves prediction accuracy and could significantly increase bias. Therefore, 
these covariates should not be used. In order to increase PIFAT prediction accuracy, more 
images need to be collected, and more image-processing variables correlated with PIFAT 
need to be developed. Collecting several images from the same animal and average the 
predicted values will be other possible approach to improve prediction accuracy. 
There were significant differences between predicted PIFAT quality grades and 
USDA marbling score when compared to actual chemically determined PDF AT. Considering 
the classification results, predicted PIFAT more accurately classifies Devoid and Select 
animals than can an USDA grader using marbling scores. On the other hand, USDA graders 
more accurately classify Choice animals. 
Most of the ultrasound research has focused on predicting fat thickness and ribeye 
area rather than predict marbling. Therefore, the literature is scarce in research conducted to 
predict intramuscular fat with ultrasound techniques. Brethour (1992), using subjective 
speckle information gathered directly from the ultrasound image and using an statistical 
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discriminant analysis reported that 75% low speckle values were classified into Select and 
65% high speckle values were classified as choice after deleting some discrepant intermediate 
values. In addition Blumer (1988) reported substantial variability in marbling among slices 
of the Id muscle taken at .6 cm intervals. The researcher concluded that a single meat sample 
at the 12-13th rib may not provide enough information to predict Id total chemical fat. 
However, it still will be a more appropriate choice than a two dimensional approach as it is 
marbling score. 
Implicatioiis 
Real-time ultrasound technique, provides the only alternative to estimate USDA 
quality grade in the live animals. The accuracy of the technology and image processing 
continue to improve as more observations are obtained to do research. This technology will 
be an important input for the implementation of value-based marketing systems and for 
genetic programs. 
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Table 1. Distribution of chemical percentage intramuscular fat in the prediction and validation 
data set within year and sex 
Percent intramuscular fat 
Validation set Prediction set 
Statistic Year Year Year Year 
1991 1992 1991 1992 
Bulls Steers Steers Bulls Steers Steers 
No. observations 35 35 63 86 80 113 
Mean 3.48 5.08 5.25 3.67 4.88 4.84 
Standard Deviation 1.21 2.22 1.67 1.48 1.64 1.49 
Minimum 1.65 1.52 2.28 1.42 1.71 2.37 
Maximimi 5.86 11.54 11.19 8.20 10.91 9.5 
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Table 2. Distribution USDA Marbling score in the prediction and validation data set within 
year and sex 
Percent intramuscular fat 
Validation set Prediction set 
Statistic Year 
1991 
Year 
1992 
Year 
1991 
Year 
1992 
Bulls Steers Steers Bulls Steers Steers 
No. observations 35 35 63 86 80 113 
Mean 934.7 1029.7 1097.1 942.5 1007.0 1058.1 
Standard Deviation 50.9 91.8 126.6 72.2 80.2 77.8 
Minimum 810 870 960 710 830 930 
Maximum 1020 1320 1580 1250 1280 1350 
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Table 3. Distribution of the validation and prediction data sets by USDA quality grades across 
sex 
Validation set Prediction set 
Bulls Steers Bulls Steers 
Quality grade Freq % Freq % Freq % Freq % 
Standard 18 50.0 21 19.6 42 45.7 30 14.7 
Select 9 25.0 30 28.0 27 29.3 68 33.3 
Choice 9 25.0 46 43.0 22 23.9 97 47.5 
Prime 0 .0 10 9.3 1 1.1 9 4.4 
Table 4. Prediction and validation results for each model developed 
PMSE" VMSE" PCV® VCV' INT^ SLP" COR' VINT^ 
MODELl'' 1.31 1.42 .36 .43 29.1 30.0 -.17 1.22 .66 2.8-7.6 
MODEL2 1.17 1.41 .50 .44 26.0 29.8 -.13 1.03 .67 2.1-9.2 
MODEL3 1.16 1.41 .51 .45 25.9 29.6 -.03 1.04 .67 1.8-9.0 
M0DEL4 1.15 1.36 .52 .48 25.7 28.7 -.18 1.05 .69 1.8-7.9 
MODELS 1.14 1.35 .53 .49 25.4 28.4 -.17 1.06 .70 1.5-7.7 
"Mean Square Error of prediction. 
''Mean Square Error of validation. 
'R^ Square for prediction. 
•"R^ Square for validation. 
^Coefficient of variation for prediction. 
Coefficient of variation for validation. 
^Intercept of the regression of actual and predicted values. 
''Slope of the regression of actual and predicted values. 
'Correlation between actual and predicted values. 
^Interval of the predicted values. 
•^Modeil eep=5.38+1.29*lSD-.002*FlC+.99*MO+3.5*UFAT. 
Model2 eep=7.02-.0l5*MAX-85.61*IM+.l 15*UAREA+.[6*FM+3.09*ISD-.00266*FIC+2.76*M11+3.45*UFAT+.0726*XD-.23*XE. 
Models eep=5.66-.013*MAX-88.l9*IM+.133*UAREA+.17*FM+3.23*ISD-.(K)259*FIC+2.83*Mll+3.10*UFAT+.()647*XD-.20*XE 
+0.32*SEX. 
Model4 eep=4.(X)-.015*MAX-83.32*lM+.{)98*UAREA+.20*FM+2.83*ISD-.0()298*FIC+2.74*MIl+3.19*UFAT+.081*XD-0.299*XE 
+0.0068*AGE. 
Models eep= i .24-.012*MAX-86.67*IM+. 121 *UAREA+.22*FM+2.98*ISD-.(K)295*FIC+2.84*M 11 +2.59*UFAT+.071 *XD-0.260*XE 
+.()083*AGE+.485*SEX. 
Table 5. Cumulative frequency distribution of the residuals (between dbO.5% to ±3.0% and larger) for percentage intramuscular 
fat (PEFAT). Comparison among the different developed models 
MODELr M0DEL2 MODELS MODEU MODELS 
±PIFAT Cum % ±PIFAT Cum % ±PIFAT Cum % ±PIFAT Cum % ±PIFAT Cum% 
±0.5 25.9 ±0.5 26.6 ±0.5 28.7 ±0.5 29.4 ±0.5 27.3 
±1.0 44.8 ±1.0 54.5 ±1.5 53.8 ±1.0 53.8 ±1.0 51.7 
±1.5 67.1 ±1.5 71.3 ±1.5 70.6 ±1.5 68.5 ±1.5 68.5 
±2.0 79.7 ±2.0 81.1 ±2.0 80.4 ±2.0 83.2 ±2.0 84.6 
±2.5 85.3 ±2.5 86.0 ±2.5 87.4 ±2.5 86.0 ±2.5 87.4 
±3.0 87.4 ±3.0 88.8 ±3.0 88.8 ±3.0 88.8 ±3.0 88.8 
>3.0,<-3 100.0 >3.0,<-3 100.0 >3.0,<-3 100.0 >3.0,<-3 100.0 >3.0,<-3 100.0 
"For models information see Table 4. 
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Table 6. Percentage of the animals classified properly into USDA quality grades categories and 
misclassify into other grades by USDA grades using chemical fat as the reference 
Standard Select Choice Prime No. 
Standard e 
{ l5Af  
26 
(66.67) 
4 
(10.26) 
3 
(7.69) 
39 
Select 2 
(5.13) 
16 
(41.03) 
21 
(53.85) 
0.0 
(0.0) 
39 
Choice 3 
(5.45) 
10 
(18.18) 
41 
(74.55) 
1 
(1.82) 
55 
Prime 0 0 6 
(60.0) 
4 
(40.0) 
10 
Values in the main diagonal correspond to the percentage of observations properly 
classified and the elements in the off diagonals correspond to observations 
misclassified. 
lumbers in brackets correspond to relative frequencies. 
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Table 7. Percent of the animals classified properly into USDA quality grades categories and 
misclassify into other categories by using predicted percent intramuscular fat with M0DAL2, 
and chemical percent fat as reference 
Standard Select Choice Prime No. 
Standard le'' 12 10 1.0 39 
(41.03)" (30.77) (25.64) (2.56) 
Select 6 15 18 0.0 39 
(15.38) (38.46) (46.15) (0.0) 
Choice 2 15 18 0.0 55 
(3.64) (27.27) (69.09) (0.0) 
Prime 0 0 10 0 10 
(100) (0.0) 
'Values in the main diagonal correspond to the percentage of observations properly 
classified and the elements in the off diagonals correspond to observations misclassify. 
'lumbers in brackets correspond to relative frequencies. 
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Figiire 1. Process to collect carcass measurements and ultrasound images to predict 
percentage intramuscular fat (PIFAT) in live animals. 
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ACCXJRACY OF REAL-TIME ULTRASOUND AND IMAGE PROCESSING 
PARAMETERS TO PREDICT PERCENTAGE INTRAMUSCULAR FAT IN BEEF 
CATTLE  ^^  
A paper to be submitted to the Journal of Animal Science 
M. M. Izquierdo^, V. Amin'^, D. E. Wilson^"®, and G. H. Rouse^ 
Abstract 
Real-time ultrasound (RTU) and image processing parameters were used to collect data 
for predicting the percentage of intramuscular fat (PIFAT). From 1991 to 1994, data were 
collected from 710 yearling buUs and steers. Before slaughter, the longissimus dorsi {Id) 
muscle was ultrasonically scanned between the 12th and 13th ribs for each animal. Images 
were digitized and stored on an optical disk for analysis. Image processing parameters were 
computed from a selected region of interest, and ultrasound fat thickness (UFAT) was 
measured. After Slaughter, a meat sample of the Id between the 12th and 13 th ribs was 
' Journal Paper No. J-16700 of the Iowa Agric. and Home Econ. Exp. Stn., Ames. Project 
No. 3330 
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collected from each animal and used to detemiine the percentage of intramuscular fat by 
chemical extraction. Image processing parameters included histogram, texture, and Fourier 
transformation parameters. Two multiple regression models (Model 1 excluding UFAT and 
Model 2 including UFAT) were developed by using 392 individual animal images and were 
validated with another group of 318 individual images. These models were used to assess the 
accuracy of image parameters in predicting PIFAT and to test the significance of the 
phenotypicaUy related covariate UFAT. In addition, cluster procedures, were used to classify 
images into high (cluster 1), and low (cluster2) PIFAT, and a different model was developed 
for each cluster. Results indicated that for actual PIFAT values ranging from .5% to 13%, 
RTU and image processing parameters can predict PIFAT with a root mean square error 
(RMSE) of 1.43% and 1.41% and a coefficient of determination (R^) of .59 and .6 for Model 
1 and Model 2, respectively. Both models were unbiased with intercepts of .47 and .51 (not 
significantly different than zero p > 0.1), respectively. Image processing parameters from 
RTU images can be combined in a linear regression model to accurately predict PEFAT 
without including UFAT in the prediction model. For actual PIFAT values between .5% and 
6%, PEFAT can be predicted with an average error of ±.9%. The classifications of images into 
two clusters and the development of a different model for each cluster reduce the overall 
RMSE .03%. 
Key Words: Beef Cattle, Accuracy, Percentage Intramuscular Fat, Real-time Ultrasound, 
Image Parameters, Marbling, Body Composition 
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Introduction 
A primary factor in determining beef quality grades and, thus, market value is the amount 
of intramuscular fat or marbling. Currently marbling levels are determined by visual 
inspection for the amount and distribution of fat in a cross-sectional area of the logissimus 
dorsi (Id) muscle at the 12-13 th rib. USD A graders using this method, even though highly 
trained and skilled, sometimes have misclassifications by as much as 20% (Cross et al., 
1983). 
The beef industry needs an accurate and objective method to measure the actual amount 
of intramuscular fat in beef carcasses because quality grade is important in determining beef 
carcass value. Additionally, seed stock breeders need a reliable tool for selecting young bulls 
for carcass quality merit. Research has been undertaken to develop a tool for sorting live 
animals according to marbling levels and, at the same time, a parallel instrument grading 
method for classifying beef hot carcasses for marbling in abattoirs. For example. Cross et al. 
(1983) used a video image analyzer (VIA) for beef grading. Using computer-aided 
tomography (CAT), Thompson (1991) applied an X-ray technique to quantify intramuscular 
fat content in beef, and Forrest et al. (1989) investigated the possibility of combining the 
technologies of ultrasound imaging, electromagnetic scanning, and the use of optical 
electronic fat-lean probes for on-line carcass composition measurements. 
After evaluation of these technologies, not all were found suitable for measuring marbling 
in the live animal. Ultrasound showed promise of a further development because of the 
following properties: 1) it has the ability to reflect fatty-tissue (Park, 1991; Whittaker et al., 
1992), 2) it is completely noninvasive and easy to use in the live animal, and 3) the 
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technology is relatively inexpensive. In the beginning, inconsistent results were obtained 
when relating ultrasound parameters and the corresponding carcass marbling score (Berlow et 
al., 1989; Thane et al., 1989). More recent work that combined image processing parameters 
(histogram, texmre, and Fourier transformation) in multiple regression models or neuronal 
networks showed a good potential for real-time ultrasound technology to predict 
intramuscular fat (Wilson et al., 1992; Amin et al., 1993; McCauley et al., 1994; Brethour, 
1994). The objectives of this research were to (1) refine models developed earlier, (2) 
develop a more robust methodology to predict PIFAT in die live animal, and (3) include this 
predicted trait in beef breeding programs for genetically improving carcass traits. 
Materials and Methods 
Description of the data. Eight-hundred-twenty images taken on yearling bulls and steers 
from two different research locations at Iowa State University (ISU) were serially scanned at 
30-day intervals from 1991 to 1994. All cattle were bom in the Spring (March-April), 
weaned in the fall, and started on feed in November. The cattle were fed an 85% concentrate 
com-com silage diet. After the feeding period (8 to 9 months) the longissimus dorsi (Id) of 
all animals were scanned by using an Real-time ultrasound (RTU) machine. Animals were 
slaughtered at a commercial packing facility within 5 days after scanning. The average age at 
slaughter was 440 days. After a 24-hr chilling period, marbling was scored by a USDA 
grader, and a rib facing from across the Id muscle at the 12th rib was obtained from each 
carcass. The rib facing was used to determine the actual percentage of intramuscular fat 
(PIFAT). The procedures involved extraction in a Soxhlet apparams with petroleum ether 
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(No. 960.39, AOAC, 1990). The lipids from 5 g of blended sample were transferred to a 
Whatman 22 x 80 cellulose extraction thimble which had been previously weighed. The 
sample was placed in a drying oven for at least 13 hours. Samples were removed from the 
oven and allowed to cool in a dessicator. Dried weight was then recorded. The dried 
samples were then extracted in the Soxhlet apparatus for at least 6 hours. Following 
extraction, the samples were dried in a drying oven for at least two hours. Samples were then 
removed from the oven and allowed to cool in a dessicator. The extracted weight was then 
recorded, and IMF percentage was calculated. 
Equipment used. An ALOKA 500V machine (Corometrics Medical System, Inc., 
Wallingford, CT) equipped with a 3.5-Mhz 17-cm linear array transducer, developed 
specifically for animal applications, was used to collect the images. This machine and the 
17-cm transducer made it possible to scan the entire Id cross-sectional area. A video home 
system (VHS) using a standard 1/2-inch videotape cassette recorder was used to capture and 
store images for the scanning performed in 1991 and 1992. In 1993 and 1994, a portable 
personal computer equipped with a frame grabber board (Cortex from Image Nation, Inc., 
Beaverton, OR) was used to digitize the images directly at the time of scaiming. Digitizing at 
the time of scarming saves time, enhances the quality of the image data by reducing the 
sources of error in the video recording process, and maintains a higher possible resolution as 
indicated by Zhang et al. (1993) and Brethour (1994). Images were then transferred to a work 
station computer for further processing. 
Scanning procedure. The animals were restrained in a squeeze chute. The scanning site was 
determined by physical palpation of the 13th rib. Once the area across the 11th, 12th, and 
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13th ribs was located, the animal was clipped, oiled, and curried to remove foreign debris and 
then oiled again to obtain optimum image quality. Vegetable oil was used as the acoustic 
couplant. After the scan site was prepared and the animal was standing in a natural position, 
two different scans of the Id were collected on the right side of the animal by an experienced 
RTU technician. 
The longitudinal scan was collected from across the 11th, 12th, and I3th ribs 
approximately 15 cm from the animal midline. In this image, different texture patterns can 
be visualized that relate to the amount of intramuscular fat deposited in the muscle. A second 
scan was collected between the 12th and 13th ribs by using a Superflab (Nicks Radio-Nuclear 
Instruments, Inc., Bronx, NY) transducer guide that conforms to the general shape of 
curvature between the 12th and 13th ribs. This guide ensures proper contact between the 
RTU transducer and the animal without distorting the Id anatomy. This image was used to 
measure the ultrasound fat thickness (UFAT) and an ultrasound Id muscle area (LMA). 
The frozen image collected from the ALOKA machine, containing the date and the 
animal identification number, either was stored on videotape (1991-1992) for later 
digitization or was directly digitized by using a personal computer equipped with a frame 
grabber board (1993-1994). Digitized images were preprocessed by using custom software 
developed for the image processing routines of PV-Wave (Precision Visuals, Boulder, CO). 
Preprocessing was used to subjectively score image quality and to select a square region of 
interest (ROI) from the image above the 12th and 13th ribs free of undesired noise. Images 
were scored as deficient, acceptable, or excellent depending on whether 1) the image was 
clear without any deficiency (excellent) 2) images had some deficiencies, but the deficiencies 
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did not affect the region of interest (acceptable); or 3) there were deficiencies affecting the 
region of interest (deficient). 
Image processing parameters were determined for the selected ROI. Previously, the ROI 
was set to a fixed size of 128 by 128 pixels. Currently, different ROI sizes ranging from 128 
by 128 to 80 by 80 can be fit in the image to allow the selection of an accurate ROI for 
animals with small Id muscles. 
Image parameters. From the selected ROI, image processing parameters were calculated by 
using histogram analysis, texture analysis, and Fourier transformation. For each histogram 
analysis, a firequency distribution of the pixel intensities was calculated. Histogram 
parameters included mean (HI), variance (H2), skewness (H3), kurtosis (H4), entropy (H5), 
standard deviation (H6), minimum (HIl), maximum (HI2), mode (HIS), and fi-equency at 
mode (HI4). In addition, the cumulative histogram pixel firequencies of 10% (HPl), 25% 
(HP2), 50% (HPS), 75% (HP4), and 100% (HP5) pixel levels were computed. 
Texture analyses were used to calculate the second category of parameters. Texture 
parameters provide information about the image patterns generated in part by ultrasound 
scattering. The two types of texture analysis were spatial gray-level dependency matrices 
(SGLDM) and gray-level run-length matrices (GLRLM). The SGLDM procedure is based on 
the premise that texture information of an image is contained in the overall spatial 
relationship of gray tones. A set of gray-level spatial-dependence probability-distribution 
matrices was computed for four angles (0°, 45°, 90°, and 135° degrees) from a given ROI, and 
several texture features were extracted from these matrices as described by Haralick (1973). 
The extracted parameters included angular moment (CI), second moment (C2), contrast (CS), 
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correlation (C4), variance (C5), inverse different moment (C6), sum average (C7), sum 
variance (C8), sum entropy (C9), entropy difference variance (CIO), difference entropy 
(CI 1), and two measures of correlation (C12-C13). These features contain information about 
image texture characteristics such as homogeneity, gray-tone linear dependencies, contrast, 
number and nature of boundaries present, and the complexity in the image. 
In the GLRLM procedure, the number of consecutive collinear image points at any given 
direction (0°, 45°, 90°, and 135° degrees) and having the same gray level value were 
calculated to create a set of matrices. From these matrices, a set of parameters was extracted, 
including short-run emphasis (Rl), long-run emphasis (R2), gray-level distribution (R3), run-
length distribution (R4), run percentage (R5), low gray-level run emphasis (R6), high gray-
level run emphasis (R7), short-run low gray-level emphasis (R8), short-run high gray-level 
emphasis (R9), long-run high gray-level emphasis (RIO), and long-run low gray-level 
emphasis (Rl 1). These texture patterns are described by Haralick et al. (1973) and have been 
used in PIFAT prediction by Amin et al. (1993) and Brethour (1994). 
The third category of parameters included spectral or Fourier parameters (Gonzalez and 
Wintz, 1987). The parameters were calculated from two-dimensional Fourier 
transformations. The Fourier magnitude image of the ROI was used to calculate the average 
Fourier power at different frequency levels normalized from zero to ICX). These parameters 
included the average power at frequencies from 0 to 5 (FR3), 5 to 10 (FR4), 10 to 15 (FR5), 
15 to 20 (FR6), 20 to 30 (FR7), 30 to 40 (FR8), 40 to 50 (FR9), and 50 to 100 (FRIO). In 
addition, an exponential curve was fit with the average power means at each different 
frequency and the exponential coefficient obtained was (FRl) and exponential power (FR2) 
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were computed. The Fourier power mean (FIl) and Fourier power standard deviation (FI2) 
were also computed across all frequencies. 
Statistical analysis. Image parameters and actual PIFAT were statistically analyzed to select 
a set of parameters for regression model development. Most of the analyses were done using 
SAS (SAS Instimte Inc., 1988). Pearson correlations of all variables with PIFAT were 
calculated. The correlation of image parameters with PIFAT increased when deficient-
quality images were excluded. Therefore, a total of 110 deficient-quality images were 
discarded, leaving 710 images for further analysis, with 125 parameters from each image. 
The parameters showing a significant correlation with PIFAT (P >.05) were selected for 
further analysis. The selection of mutually highly correlated parameters was avoided. 
Stepwise regression procedures were used for the final variable selection to determine the 
prediction model (Snedecor and Cochran, 1967). The forward selection option of the 
regression analysis in SAS was used based on three statistics: coefficient of determination 
(R"), Root Mean Square Error (RMSE), and Cp as described by Mallow (1973). The Cp 
statistic calculates the relationship between the squared true error and the squared lack of fit 
in the residual error and is a function of the number of the regressors or variables used. The 
Cp statistic decreases with the addition of new parameters until a point at which the 
introduction of more parameters in the model starts progressively increasing the Cp statistic. 
The selected variable combinations were those with the smallest Cp. Among variable sets 
with similar Cps, the ones widi larger R square and the smallest RMSE were selected. 
The 710 images were randomly divided into two groups. One group (392 images) was 
used to develop a linear multiple regression model to predict PIFAT. The other set of 318 
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images was used to validate and test the accuracy of the prediction model developed. Models 
developed in the past (Wilson et al., 1992; Izquierdo et al., 1994a) although predicting PIFAT 
accurately, included parameters such as UFAT, sex, and age of the animals and were 
sensitive to variation in those parameters. Newly developed models included only image 
processing parameters invariant to age and sex of the animals. Two models were developed 
to determine the need of including UFAT in the prediction model with newer image 
processing, one including only image processing parameters and, the other, additionally 
including UFAT. 
Several statistics were used to compare the accuracy of the prediction models developed. 
From the developing set, the RMSE and R" from the regression procedures were used. From 
the validation set, the intercept (INT) and the slope (SLOP) of the regression of the actual on 
the predicted PIFAT and the correlation between the actual and the predicted PIFAT were 
used. In addition, the residuals were plotted against the predicted values to confirm that they 
were uncorrelated with a mean around zero and to identify outliers (MacNeil, 1983). 
To complete the diagnostic, the distribution of residuals was studied as indicated by 
Houghton and Turlington (1992), considering that the correlation between predicted and 
actual values has some limitations for measuring the accuracy of the prediction because it 
does not account for bias. A better understanding of the fit of a model can also be 
accomplished by looking at the distribution of the residuals. Seven residual categories were 
defined at .5% intervals, from 0% residual value to ±3% residuals or larger. The residual of 
each observation was classified into one of seven categories, and the distribution of the 
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residuals was reported as the cumulative frequency distribution for ranges of ±.5%, ±1.0%, 
±1.5%, ±2.0%, ±2.5%, ±3.0%, and greater ±an db3%. 
To understand the nature of the outliers observed in the residual distribution, different 
categories of PIFAT were defined as the actual PIFAT less than 3%, between 3% and 6%, 
between 6% and 9%, and greater than 9%. Absolute residual means and standard deviations 
were computed for each class of PIFAT and for both models (with and without UFAT). In 
order to achieve a higher accuracy in predicting PIFAT, cluster analysis procedures were used 
to classify images into low two groups: low (less than 8% PIFAT, approximately) and high 
(more than 8% PIFAT, approximately). The variables used in the cluster procedures were 
those highly correlated with PIFAT. Once images were classified into two clusters, a 
different model was developed for each cluster. The models were developed and validated 
following the process described earlier. 
Results and Discussion 
Means, standard deviations, and also maximum and minimum values of actual PIFAT by 
year for animals at each farm are presented in Table 1. Acmal PIFAT means were 4.81 ± 
2.18% and 5.25 ± 1.99%, respectively, for each farm. Cross et al. (1983) reported a PEFAT 
mean of 3.92 ± 1.44%, and Hassen et al. (1995) reported mean values of 3.14 ± 1.33% for 
steers. 
The parameters most highly correlated with PEFAT are reported in Table 2. This table 
also indicates the increase in the correlation between the parameters and PIFAT when 
'deficient' images were excluded from the data set. Texture parameters at angles of 0,45, 
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and 135 degrees were highly correlated across angles. Ninety-degree angle parameters, 
however, were not as highly correlated with the other angle parameters. Because the 
correlation of 135-degree angle parameters and actual PBFAT was larger than die correlation 
of 0- and 45-degree angles with actual PIFAT, only 135- and 90-degree angle texture 
parameters were used in fimher parameter selection steps. 
The rest of the parameters were selected, in general, on the basis of correlation with 
PIFAT. The number of parameters was reduced from 125 to 33 throughout the selection 
process. After the stepwise regression selection procedures, final models included 14 
parameters (all with P < .05). Some parameters that showed small correlation with PIFAT 
were also included because they increased R~ and decreased RMSE when combined with 
other parameters in the multiple regression model. The correlations of parameters included in 
both models with PIFAT are presented in Table 3. 
Number of observations and data distribution, including mean, standard deviation, and 
maximum and minimum values of PIFAT, for both development and validation sets are 
summarized in Table 4. Both sets have similar PIFAT distributions. The development data 
set used to compute two different linear regression models. Model 1 (model not including 
UFAT) and Model 2 (including UFAT), is described in Table 5. 
The diagnostic statistics for Model 1 and Model 2 are also summarized in Table 5. The 
RMSE and R" diagnostic statistics were 1.43% and 0.59 for Model 1 and 1.41% and 0.6, for 
Model 2. The intercept and slope of regression between the actual and predicted PIFAT were 
.47% (p > .1) and .97%, for Model 1 and .51% (p > .1) and .98 for Model 2. Both intercepts 
were not significantly different from 0, indicating that the models were unbiased. Slopes 
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were very close to 1, indicating a good model fit. Finally, correlation coefficients between 
actual and predicted PIFAT were .6 for both models. The diagnostic statistics indicated only 
small differences between Model 1 and Model 2, indicating that the addition of UP AT was 
not essential to accurately predict PIFAT. 
The addition of UFAT in a model based on histogram and Fourier parameters increased 
prediction accuracy considerably (Wilson et al., 1993). Because there is a positive 
phenotypic correlation (around .45) between the actual PIFAT and UFAT, to include UFAT 
in the prediction model can increase prediction accuracy. But there is a tremendous variation 
in fat thickness in beef cattle, depending on breed, sex, and environment that cannot be fully 
accounted for in prediction models. Although there is a positive phenotypic correlation 
between PIFAT and UFAT, the genetic association between these traits is not clear. Future 
selection in different directions for both traits can change the magnitude of the phenotypic 
correlation and bias the prediction models that include UFAT. Therefore, it is necessary to 
develop a robust model not relying on UFAT that can be applied to any breed, age, and sex of 
cattle. 
There are few studies reporting results for predicting PIFAT in live beef cattle. Amin et 
al. (1993) obtained a RMSE of 1.40% by using a multiple regression linear model with only 
texture parameters for a sample size of 126 animals. Liu et al. (1993) developed an 
autoregressive model based on the relationship between ultrasound speckle autocorrelation in 
the direction of the ultrasound waves and marbling. The R" and RMSE of this model was .7 
and .92, respectively, from a sample size of 60 animals. Izquierdo et al. (1994a) developed a 
multiple regression model including ultrasound fat thickness, Fourier, and histogram 
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parameters with a RMSE of 1.17% and of .5. In comparing the predicted PIFAT values 
with marbling scores, the model was able to classify animals in the low range of PBFAT more 
accurately than could graders at the packing plant, who tend to classify more animals into the 
choice grade. But the model was not able to predict prime animals, possibly because there 
were only a few observations in the prime grade from which to develop the model (Izquierdo 
et al., 1994b). 
Root mean square error and the R^ are not sufficient to fully explain the fit of the 
prediction models, particularly when development and validation data sets are used. 
Diagnostic statistics explain different aspects of the accuracy and fit of the model. For 
example, RMSE equal to 1.43% indicates that 66% of the observations are going to be 
predicted with an error smaller than 1.43% PIFAT. For regression of the predicted on the 
actual PIFAT, an intercept close to zero indicates unbiasness, and a slope close to one 
indicates a good fit. Slopes larger than one indicate overprediction, and slopes smaller than 
one indicate underprediction, of PIFAT. 
The residual distribution is one of the best diagnostic statistics. The plot of the residuals 
versus the predicted values is a good indicator of the fit of the model and allows for 
visualizing the residual mean and outliers. A possible candidate model for prediction needs 
to show uncorrelated residuals with a mean near zero, most of the residuals need to be 
smaller than ±2%. The distribution of the residuals can be easily represented (Figure la) as 
the cumulative percentage of animals predicted within 0 and 0.5% error, or between 0 and 
1% error, and so forth, as indicated by Houghton and Turlington (1992). Furthermore, results 
in Figure la indicate that 84.3% of the predicted observations for Model 1 have residuals 
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smaller than 2%. For Model 2,83.9% of the predicted observations have residuals smaller 
than 2%. The residual distribution also indicated that some low values of acmal PIFAT ( 
<4%) were overpredicted and that some high values of PIFAT were underpredicted. A 
similar problem was encountered by McCauley et al. (1994) and Thane (1992). Several 
reasons can be speculated as to why this problem exists. McCauley et al. (1994) indicated 
that the bias can be due to uneven data distribution, considering that most of the animals were 
within 3% and 7% actual PIFAT and that there were not many animals in the low and high 
acmal PBFAT values, similar to results presented in Table 6. 
Residual means for animals with low (0 to 3), medium (3 to 6), high (6 to 9), and very 
high (more than 9%) acmal PIFAT are presented in Table 6. This table indicates that both 
models more accurately predict animals with medium PIFAT, with an average residual mean 
of .85% and a maximum residual of 2.24% for Model 1. Prediction models are also accurate 
for animals with low PIFAT values (average residual=.92%). For animals with actual PIFAT 
values between 6% and 9%, the models can be applied with an average residual of 1.67%; 
however, for animals with actual PIFAT values higher than 9%, predictions had large errors. 
Contrary to these results. Park et al. (1994a), scanning beef loins, obtained greater accuracy 
(90% versus 76%) when actual values of PIFAT were greater than 8% than when PIFAT 
values were smaller than 8%. Animals with actual PIFAT values from 10% to 14% were 
predicted, in general, from 7% to 11%. Therefore, even if residuals were large (>3%) in the 
high percentage fat range, there was a positive prediction trend. McCauley et al. (1994) 
reported an average residual mean error of .83% and .96% for all ranges by using 71 live 
animals and 88 beef carcasses. They also found ±at a neural network classification 
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technique was better able to classify samples in the range of actual PIFAT between 3% and 
7%, similar to the models used in this study (Table 6). As a consequence of the results 
summarized in Table 6, the development of different models for animals with low and high 
PIFAT values could be a good alternative to fiarther improve prediction accuracy (RMSE). 
Previous results indicated that the inclusion of UFAT in the prediction model does not 
improve accuracy. Therefore, UFAT is not going to be included to develop the models for 
clusterl and cluster2. 
None of the single variables or variable combination were able to separate the data 
into two independent clusters for low and high PIFAT. However, a single Fourier parameter 
was able to separate data into two clusters. One cluster included animals with PIFAT values 
not larger than 7% (clusterl) and the other included both low and high values (cluster2). 
Observations in clusterl and in cluster2 were subdivided into two sets, development set and 
validation set. Similarly to the process described before, a regression model was developed 
for each clusters. Distribution of the four data sets is presented in Table 7. 
Results in Table 8 summarize the coefficients of the regression models used for each 
cluster. The prediction model for clusterl included mainly Fourier parameters. Contrarily, 
model for cluster2 included more texture and less Fourier parameters. Results in Table 9, 
indicated that the observations in the clusterl will be predicted with RMSE of 1.13 whereas 
the observations classified in cluster2 will be predicted with RMSE of 1.51. 
The final process, for every image in the validation sets was: 1) to compute the image 
precision parameters; 2) to classify the animal as belonging to clusterl or ciuster2; 3) to apply 
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the corresponding regression model according to the cluster it belongs; 4) to predict 
ultrasound PIFAT. 
The distribution of the residuals for the clusterl and cluster2 validation sets is 
presented in Figure lb. As indicated clusterl model predicted 90% of the animals with an 
error smaller than 2%. Therefore, if an animal is correctly classified in clusterl (approximate 
probability of 0.34), PIFAT will be predicted with a probability of .9 with an error smaller 
than 2%. 
Results in Table 9 indicated that few animals with actual PIFAT larger than 7% were 
classified into clusterl. However, cluster2 included animals with PIFAT larger and smaller 
than 7%. Even if this result indicates a promising approach to improve prediction accuracy 
for low and high PIFAT animals, more research should be done to correctly classify animals 
into actual PIFAT smaller or larger than 7-8%. 
Other approaches for image analysis features have been used by different researchers to 
associate ultrasound image properties with PIFAT either by scanning live animals, carcasses, 
or meat samples. Berlow et al. (1989) used an image thresholding technique to estimate 
marbling scores, but the R^-square was only .13. Thane et al. (1989) associated the image 
features such as Fourier distance, fractal dimension, and attenuation with marbling scores; the 
R~ were not larger than .14. Later, Brethour (1990) demonstrated that visual scoring systems 
based on observed levels of speckle over the Id muscle could be used to estimate marbling 
scores with 77% accuracy. Whittaker et al. (1992) developed a multivariate linear regression 
model to predict intramuscular fat, including Fourier parameters. Park et al. (1994a) applied 
longitudinal and shear ultrasound probe directly to meat samples. They developed a multiple 
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regression model for predicting the percentage of intramuscular fat with ultrasound 
parameters, such as local maxima, lower frequency, and bandwidth with an of .82 and a 
RMSE of 1.59%, by developing a model with 100 observations and validating it with 24 
images. The number of local maxima is an indicator of the discontinuities of the Fourier 
spectrum observed to be, in part, a function of the PIFAT. 
Brethour (1994) used second-order statistics from texture parameters to predict PIFAT 
because second-order statistics are more invariant to differences in echogenicity related to 
transducer contact, hair coat, and attenuation than first-order statistics. This researcher used 
the parameters in a multiple regression model and in a neuronal network and found more 
accuracy by using the neuronal network. Similarly, McCauley et al. (1994) found reasonably 
accurate PIFAT predicted values by using a neuronal network, indicating that a neuronal 
network can be an alternative to multiple linear regression models. Amin et al. (1993) 
combined texture tissue characterization parameters in a multiregression model to predict 
PIFAT in the live animal and obtained a MSE of 1.4% with a sample of 126 animals. 
Image parameter combinations in nonlinear models sometimes result in better accuracy 
than in linear models because they account for quadratic effects (McCauley et al., 1994). 
Park et al. (1994b) used a quadratic model to predict PIFAT in beef loins with an accuracy of 
76%; however, the same authors. Park et al. (1994a), used a linear multiple regression model 
including Fourier parameters from B-mode ultrasound to predict PBFAT directiy in beef loins 
with 79% accuracy. Similarly, Brethour (1994) indicated that adding quadratic components 
to the multiple regression model did not improve model fit, and Haumschild and Carlson 
(1983) analyzed different harmonics from ultrasound frequency used with linear discriminant 
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functions, obtaining an of .82 and a RMSE of 1.59% by scanning meat samples with a 
shear probe. 
Implications 
Image processing parameters obtained from RTXJ Id muscle images can be combined in a 
multiple regression model to predict the percentage of intramuscular-fat. These newly 
implemented models will allow the beef industry to consistently and accurately measure 
PDF AT in the live animal. The predicted PIFAT values can be used to select superior animak 
in beef breeding programs for carcass quality. 
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Table 1. Data distribution of percentage intramuscular fat for two locations during four years 
Rhodes McNay 
No.'' Avg SD" NO. Avg ^ 
1991 165 3.85 1.43 100 4.82 1.96 
1992 113 4.98 1.67 68 5.57 1.68 
1993 84 7.24 2.50 19 5.80 1.67 
1994 82 4.01 2.18 79 5.36 2.26 
TOTAL 444 481 2.18 266 5.25 1.99 
dumber of observations. 
''Standard deviation. 
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Table 2. Correlation of selected histogram, texture, and Fourier parameters with actual 
PIFAT 
Parameter Description 
All images 
r" 
Quality images 
HIl Histogram maximum .35 .37 
HP4 Histogram 75% percentile .28 .31 
HI Histogram mean .26 .29 
H3 Histogram skewness -.24 -.28 
R090_7'= Texture short run low gray .26 .28 
R090_9 Sort run high gray .25 .27 
R090_10 Long run high gray .26 .28 
C135_3 Contrast .33 .32 
C135_12 Correlation .31 .31 
C135_13 Correlation .32 .31 
FR2 Power of exponential .48 .50 
FRl Coefficient of exponential -.31 -.34 
FR4 Average power for frequency 5-10 .29 .30 
FI2 Intensity standard deviation .28 .30 
"Correlations for all images (820). 
''Correlations for those images classified as good images (710). 
and C are texture parameters for angles 90 and 135. 
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Table 3. Regression coefficients and Correlation between the parameters entering in both 
models and actual PBFAT 
Par® Parameter description P** for model 1 P for model 2 
with PEFAT 
INT Intercept -106.9 -111.3 -
UFAT Ultrasound fat thickness - 1.7 .48 
FR3 The average Fourier power at 
frequency 0 -1.9 -3.5 .28 
FRIO The average Fourier power at 
frequencies from 0 to 5 106.2 112.6 .06 
FRll The average Fourier power at 
frequencies firom 50 to 100 323 287 .17 
HI Fourier power intensity mean -410.7 -373.4 .07 
FI2 Fourier power intensity 
standard deviation 140.7 238 .28 
H2 Histogram standard deviation .03 .06 .20 
H3 Histogram skewness .98 - -.22 
H7 Histogram coefficient of -
variation -23.8 -.26 
HIl Histogram maximum value .09 .08 .35 
HP4 75th percentile of histogram - -.08 .31 
C135_7 Texture sum average at angle 
135 -.007 - .22 
C135_10 Texture entropy difference 
variance at angle 135 -.032 - .11 
C135_12 Texture correlation at angle 
135 35.55 26.6 -.31 
C090_7 Texture sum average at angle -
90 degree -.014 .28 
C090_10 Texture entropy difference 
variance at angle 90 .60 .50 .25 
C090_3 Texture contrast at angle 90 118.02 136.6 .20 
R090_7- Texture high gray-level run 
emphasis at angle 90 -.0009 - -.05 
^Image parameters. 
''Regression coefficients for both models (P <.05 all parameters) 
"^Correlation coefficient. 
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Table 4. Data distribution of percentage intramuscular fat for both development and 
validation data sets 
No? SD^ Min^ Ma? 
All data 710 4!98 HI U 14^68 
Development set 392 5.02 2.19 1.1 14.09 
Validation set 318 4.91 2.03 1.61 14.68 
^Number of observations. 
''Standard deviation. 
"^Minimum value. 
''Maximum value. 
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Table 5. Diagnostic statistic results for PEFAT prediction and validation 
Prediction Validation 
RMSE" Intercept"" Slope® 
Modell'' 1.43 .587 .47 .97 .60 
Model2 1.41 .60 .51 .98 .60 
'Including ultrasound fat thickness. 
"^oot Mean Squared Error of prediction. 
'^Coefficient of determination. 
""intercept of the regression between actual and predicted PIFAT values. 
®Slope of the regression between actual and predicted PIFAT values. 
Correlation between actual and predicted PIFAT values. 
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Table 6. Absolute residual means for four classes of actual PDFAT 
Model 1" Model 2 
PIFAT^ No." Avg SD" Min® Max^ No. Avg SD Min Max 
0-3 57 .92 .68 .034 2.68 57 1.03 .66 .10 2.82 
3-6 181 .88 .65 .0007 2.99 183 .85 .66 .003 2.78 
6-9 68 1.67 1.13 .02 4.53 68 1.65 1.09 .06 2.24 
9-++ 10 5.39 1.75 2.63 8.35 10 5.32 1.82 2.04 8.40 
"Including ultrasound fat thickness. 
''Actual percentage of intramuscular fat classes. 
"^Number of observations. 
''standard deviation. 
Minimum value. 
^Maximum value. 
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Table 7. Data distribution for both cluster data sets 
No? 7^ SD^ Max" 
Clusterl Development Set 129 3.9 1.5 1.4 10.6 
Validation Set 129 3.9 1.4 1.2 8.8 
Cluster2 Development Set 220 5.6 2.1 1.7 14.7 
Validation Set 220 5.5 2.1 1.1 14.1 
"Number of observations 
''Standard deviation 
•^Minimum value 
''Maximum value 
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Table 8. Regression coefficients for the parameters entering in both cluster models 
Par® Parameter Description P" 
For Clusterl 
P 
For Cluster2 
INT Intercept 7.98 239.43 
FR2 Exponential power 
- 2.06 
FR3 The average Fourier power at 
frequency 0 
-3.11 .232 
FRIO The average Fourier power at 
frequencies from 0 to 5 88.68 -
FRll The average Fourier power at 
frequencies from 50 to 100 260.6 
ni Fourier power intensity mean -247.96 -123.73 
FI2 Fourier power intensity standard 
deviation 206.56 -
H2 Histogram standard deviation .055 
11 Histogram minimum - .13 
H7 Histogram coefficient of variation -21.34 -
HPS 50th percentile of histogram .11 -
C135_7 Texture sum average at angle 135 - -.012 
C135_103 Texture entropy difference variance 
at angle 135 - 18.08 
R135_3 Gray level distribution - -.023 
R135_7 High gray-level run emphasis - -.0013 
R135_8 Short-run low gray-level emphasis 3534.4 -
RI35_10 Long-run high gray-level emphasis -.0006 -
R090_l Short run emphasis 
- -149.34 
C090_10 Texture entropy difference variance 
at angle 90 .154 -
C090_13 Texture correlation - -121.43 
R090_4 Run length distribution 
.00045 
''Image parameters. 
'degression coefficients for both models (P <0.05 all parameters) 
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Table 9. Predictioii and validation results for models developed for cluster 1 and cluster2 
Prediction Validation 
RMSE® ^ Intercept' Slope" ? 
Clusterl U3 ^44 !004 L03 ^ 
Cluster2 1.51 .52 .57 .92 .65 
"Root Mean Squared Error of prediction. 
'^-Square of prediction. 
'Intercept of the regression between actual and predicted PIFAT values. 
''slope of the regression between actual and predicted PIFAT values. 
'Correlation between actual and predicted PIFAT values. 
101 
Table 10. Clusterl and cluster2 absolute residual means for four PIFAT classes 
Clusterl Cluster2 
PIFAT No.'' Avg SD" Min® Max'' No. Avg SD Min Max 
0-3 38 .91 .54 .16 2.49 21 1.05 .82 .020 2.59 
3-6 82 .79 .57 .02 2.19 121 1.04 .71 .003 2.84 
6-9 8 2.30 .76 .95 3.63 62 1.20 .85 .030 3.50 
9-++ 1 4.98 4.98 4.98 16 3.20 2.12 .610 8.35 
''Number of observations. 
''Standard deviation 
"^Minimum value. 
^'Maximum value. 
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Figure 1. Percentage of images within defined residuals for Model 1 and Model2 (top) and 
for Model2 and both clusters (bottom). 
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ESTIMATTON OF GENETIC PARAMETERS FOR FAT COMPOSITION TRAITS 
MEASURED IN BEEF ANIMALS USING REAL-TIME ULTRASOUND^"  ^
A paper to be submitted to the Journal of Animal Science 
M. M. Izquierdo^, D. E. Wilson"^' and G. H. Rouse® 
Abstract 
Records of body composition traits (BCT), including chemical intramuscular fat 
(PIFAT), ultrasound predicted intramuscular fat (UPIFAT), carcass fat thickness (FAT), 
ultrasound fat thickness (UPAT) and marbling scores (MS) from 475 bulls and 528 steers 
were analyzed. Composite small, medium and large dams were mated to small, medium and 
large Angus and composite sires and to medium Simmental sires. Regression analysis of 
BCT with age were computed within sex and across sexes. Variance components and 
covariate solutions were calculated using MTDFREML, within sex and across sexes for the 
Angus and overall (including all sire genotypes) data and for three different models 
including: 1) age as a covariate, 2) weight within size as a covariate, and 3) both age and 
weight within size. Regression coefficients with age were negative for bulls and positive for 
~ The authors gratefully acknowledge the support of the National Livestock and Meat Board 
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steers. MTDFREML resulted in positive solutions for age for all traits except for UPIFAT 
and UFAT in Angus bulls. Genetic variances were larger on an age-constant basis than on a 
weight-constant basis for PDF AT, FAT, and UFAT, but no differences were found for 
UPIFAT and MS. Genetic variances for bulls were significantly smaller than steer genetic 
variances for all BCT except for UFAT. Genetic variances for the Angus breed were similar 
than across sire genotype variances for PIFAT, FAT and MS. The genetic correlation 
between PIFAT and FAT, and between PIFAT and UFAT were smaller (from -.21 to .21). 
However, the relationship between UPIFAT and FAT, and between UPIFAT and UFAT were 
higher than expected (.6 ). In general, genetic correlations of ultrasound traits with 
corresponding carcass traits (.9 to 1) indicated that traits are controlled by the same genes. 
The correlation between UFAT and FAT sire breeding values was .89. The correlation 
between UPIFAT and PIFAT sire breeding values was .57. For progeny-group size of 8 the 
correlation between sire breeding values increases to .8. 
Key words: Beef Cattle, Carcass, Composition, Breeding Values, Genetic Parameters. 
Introduction 
Finding successful methods for the improvement of composition traits is of major 
concern to the beef cattle industry. A few beef breed associations are including evaluations 
for carcass traits in their breeding programs. However, genetic evaluation of body 
composition traits (BCT) requires knowledge of: 1) the relationship of these traits with 
commonly used end points to adjust data (age or weight), 2) the magnimde of the genetic 
parameters, and 3) the genetic relationship among economically imponant BCT. At the same 
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time, a major effort is being done in order to measure BCT in live animaU with real-time 
ultrasound (RTU) techniques. Accuracy between ultrasound traits and corresponding carcass 
traits is continuously improving (Duello, 1993; McCauley et al., 1993; Wilson et al., 1993; 
Amin et al., 1994 Berthour 1994; Izquierdo et al., 1994,1996). However, a major question 
remains unanswered in the beef industry, and that is whether BCT measured in yearling seed 
stock bulls is reflective of future progeny performance. The objectives of this research were 
to analyze the relationship of BCT with age and weight, to compute the genetic parameters 
for these traits either on an age and on a weight constant basis, and to evaluate the 
possibilities of RTU measurements to predict genetic merit of the corresponding carcass 
traits. 
Material and Methods 
Description of the data. One thousand and three body composition records were collected for 
a five-year period from young bulls and steers in two research farms located in Iowa. The 
genotype of the dams used in this project was the product of several crossbreeding strategies 
to develop composites of three different frame sizes. Therefore, dams had different breed 
composition. The small-frame cow line composition was 1/4 Angus, 1/4 Jersey and 1/2 
foundation cows. The medium-frame cow line was 1/4 Angus, 1/8 Jersey, 1/8 Simmental 
and 1/2 foundation cows. The large-frame cow hne composition was 1/4 Angus, 1/4 
Simmental and 1/2 foundation cows. In 1990, cows were mated exclusively to composite 
bulls according to size. From 1991 to 1994, cows were mated to purebred Angus (small, 
medium and large) and purebred Simmental (medium) and according to frame size. In 
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addition to frame size, sires were chosen according to their expected progeny difference 
(EPD) for maternal weaning weight (milk), birth weight and yearling weight. For example, 
medium size Angus and Simmental sires were chosen only if their yearling hip heights were 
between 119.4 and 124.5 cm and if they had breed-average EPD for yearling weight, milk 
and birth weight. Large Angus sires were chosen if their yearling hip heights were greater 
than 127 cm and if they had a high EPD for yearling weight and milk- and a moderate EPD for 
birth weight. Small Angus sires were chosen if their yearling hip heights were smaller than 
116.8 cm, and if they had a high yearling weight and milk EPD and a moderate birth weight 
EPD, as described by Hassen and Willham (1994). 
All cattle were bom in the Spring (March-April), weaned in the fall, and started on 
feed in November. The cattle were fed an 85% concentrate com-com silage diet. After the 
feeding period (8 to 9 months), the longissimus dorsi (Id) of all animals were scanned using a 
RTU machine. External fat thickness and ribeye area at the 12-13'*' ribs were measured using 
the ultrasound images. Additionally, several image processing parameters were obtained that 
relate to percentage intramuscular fat. Animals were slaughtered at a commercial packing 
facility within 5 days after scanning, at an average age of 440 days. 
Description of the traits. The body composition traits (BCT) considered in this study 
included: 12-13''' rib fat thickness (FAT), USDA marbling score (MS), percentage chemical 
intramuscular fat (PIFAT), ultrasound predicted 12-13''' rib fat thickness (UFAT) and 
ultrasound predicted percentage intramuscular fat (UPIFAT). Ultrasound images were 
collected on the live animal using image capturing software developed by Zhang et al.(1993). 
At the same anatomical site, FAT was measured in the carcass at the packing plant after a 24 
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hour chill. At the same time, MS was also graded from a cross section of the Id at the level 
between IZ*** and 13"* ribs by a USD A grader. UPEFAT was predicted with a multiple 
regression model including image processing (histogram, texture and Fourier) parameters 
calculated from a longimdinal image of the Id taken from across the ll***, IZ"** and IS**" ribs 
as described by Amin et al. (1993,1996) and Izquierdo et al. (1996). A rib facing sample 
between 12^ and 13''' ribs was collected at the packing plant to measure PEFAT. 
Statistical analysis. Statistical analyses were performed with the SAS statistical package and 
with a set of programs written in FORTRAN. Regression of age with BCT was computed 
separately within sex (bulls and steers) and across sexes for the Angus breed, and across 
breed of sire (Angus, Simmental and composite) to adjust the data to a constant age. 
The magnitude and significance levels of environmental effects (contemporary group 
(CG), age of dam (AOD) and age of calf for all traits) were computed with the General 
Linear Model procedure (GLM) of SAS. Sex, location and breed of sire effects were 
confounded with year effects. Therefore, for the overall data across sexes, CG was defined as 
animals bom the same year, at the same location, for the same breed of sire and belonging to 
the same sex. These analyses were performed for the Angus data and for the overall data 
within sex. The model used to determine the magnitude and significance of environmental 
effects was defined as: 
Yijk = u + bi *age + CGi + AODj + eyk 
where: 
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Yjjic is the vector of observatiopo, 
u is the mean, 
age is the linear effect of calf age, 
CGi is the contemporary group effect defined as (herd-year for the 
Angus breed and as herd-year-sire breed effect for the overall data), 
AODj is AOD effect, 
eijk is the residual effect. 
Variance components were calculated for the Angus breed data, within and across 
sexes, and similarly, for the overall data within and across sexes. Because the environmental 
effects were not completely crossed, they were pooled in a single fixed effect including all 
possible interactions. Variance components were calculated using an animal model including 
only animals and residual effects as random effects. Several variations of the model were 
used, adjusting for the different data set used (Angus vs. overall) and to the different end 
point adjustments (age, weight or both). The more general model for the overall data was 
defined as: 
Yijki = HYSXBRi + b,*AGE + baj^Wtj + Mk -i- eijw 
where: 
Yijk, 
HYSXBRi 
AGE 
is the vector of observations, 
is the fixed Herd-Year-Sex-Breed of sire effect, 
is the covariate of age of the animal. 
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WTj is the covariance of weight of the animal within size (j = 1, 2, 3) 
uic is the animal random effect, 
ejjici is the random residual effect 
The model can be defined in matrix notation also as: 
y= XP + Zu + e 
where: 
y is the vector of observations, 
P is the vector of fixed effects associated with the records by X, 
u is the vector of random effects associated with the records by Z, 
E(y)=Xp and E( u e') = 0, 
V(U) = G = Ac7^ 
V(y) = Z G Z' + R, and 
V(e) = R = Ic7,\ 
Contemporary groups were defined according to the data set used. For example, for 
the Angus breed, the model for bulls included only herd-year as fixed effects, and the 
number of CG levels (herd-year) were five. The Angus steer model was similar to the model 
used for bulls, but included seven different CG levels. The Angus data across sex included 
the CG effect of herd-year-sex, with 12 different levels. For the overall data, the model for 
bulls included as CG the effect, herd-year-breed of sire, with 12 different levels. The model 
for steers included the same fixed effect as the model for bulls, with 15 different CG levels. 
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For the overall data across sex, the model included the CG of herd-year-sex-breed of sire 
effects with 27 different levels. 
The model equations were solved using multiple trait derivative &ee restricted 
maximum likelihood (MTDFREML) computer program (Bolman et al., 1993). This 
program is a set of FORTRAN algorithms, including three main programs and several 
subroutines. The first program, MTDFNRM, computes the inverse of Wright's numerator 
relationship matrix. A, and recodes identification numbers for animal, sire, and dam. The 
second program, MTDFPREP, recodes fixed and random effects and prepares the data by 
creating a new data set to be used by the third program, MTDFRUN. The third program uses 
the simplex algorithm (Nelder and Mead, 1965) to find the minimum of the -2 log likelihood 
fiinction to search for the variance-covariance matrices that maximize the likelihood function 
with a DFREML algorithm (Meyer, 1988, 1989). This program includes SPARSPAK 
(Manager, software coordination, 200 University avenue W, Waterloo, Ontario N2L, 361, 
Canada) subroutines to organize the equations. The program also calculates approximate 
standard errors for the variance components. 
Genetic correlations were computed for paired tests (two traits at a time). Thus, 
genetic and phenotypic correlations between PBFAT and UPIFAT, FAT and UFAT, PIFAT 
and MS, UPIFAT and MS, and PIFAT and FAT were calculated by using MTDFREML. 
Genetic correlations were computed for the Angus steers and for the overall data set across 
sexes, on an age- and on a weight-constant basis. The overall data set pooled both sexes, but 
fitting sex in the model only accounts for differences in mean. Therefore, each record was 
standardized for differences in sex variance by dividing by the standard deviation of the 
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corresponding sex. Similar standardization was done by Van Vleck et al. (1993) to adjust for 
herd-year variance differences. Genetic covariances and correlations were computed again 
for the standardized records. 
The mixed model equations for multiple trait analysis are described as: 
X, 0 b, 
I 0
 
N "i 
0 X2 
• + » + 
y-L. 
.^2. 1 0
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Aa;, ^1112  ^ 0 0 
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e. 0 0 R. R 
0 0 R2 R 
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and where, 
Y 1(2) is the vectors of observations for each trait, 
Xi(2) are the incidence matrix relating fixed effects to observations, 
P 1(2) are the vectors of fixed effects, 
Zi(2) are the incidence matrix relating random animal effects to 
observations. 
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ui(2} are ±e vectors of random animal affects, 
ei(2) are the vectors of random residuals, 
A is Wright's numerator of additive relationships among animals, 
(T J, is the additive genetic variance, 
<7j,j2 is the additive covariance between traits 1 and 2, 
RI2 is the diagonal matrix of random residuals for each trait, and 
Ri2 is the matrix of random error covariances between trait 1 and 2. 
The regression analysis between PIFAT and UPIFAT sire breeding values (BV), and 
between FAT and UP AT sire BV were computed to determine the relationship between sire 
BV for carcass and corresponding ultrasound traits. Additionally, the regression between 
PIFAT and UPIFAT sire BV were computed for groups of different progeny size. 
Results and Discussion 
The number of BCT records by year, by breed of sire and by calf size are summarized 
separately for buUs and steers in Table I. There was a total of 1,003 records, of which 475 
were for bulls and 528 were for steers. All bull-calves were castrated in 1992, so only steers 
records were available for that year (Table 1). According to size, there were a total of 219 
records from small-sized animals, 604 records from medium-sized animals and 180 records 
from large-sized animals. 
Regression coefficients for BCT with age, without adjusting for any environmental 
effects, were computed separately within sex and across sexes (Table 2). Regression 
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coefficients between BCT and age for bulls were negative. Whereas, regression coefficients 
for steers were positive for all BCT with age, except for MS that was small and negative and 
for UPIFAT which was zero. Regression coefficients across sexes were intermediate 
between sexes resulting in negative estimates for PIFAT, UPIFAT and MS, and positive 
estimates for FAT and UFAT. 
In order to explain the negative trends of BCT with age obtained for bulls, regression 
analyses were computed separately within sire genotype (Table 3). For all traits except for 
UPIFAT, regression coefficients of BCT with age within sire genotype were negative for 
Angus bulls. Whereas, regression coefficients of BCT with age for Angus steers were 
positive for all traits. Siimnental bulls and steers had negative regression coefficients for all 
BCT with age. Bulls and steers from composite sires had positive regression coefficients for 
all traits with age. There is, therefore, an interaction between Angus bulls and steers with age 
that needs to be considered for adjusting records to a constant-age basis. Perhaps these 
differences in trends of BCT and age between sexes can be caused by significant differences 
m CG effects not accounted for in the analysis. Wilson et al. (1993) reported a regression 
coefficient of FAT with age of 0.0082 cm. for Angus steers field data, similar to the 0.(X)9 
cm. age estimate obtained in this study. 
Results of an analysis of variance, computed to quantify the importance of different 
environmental effects and to determine which ones should be fitted in ±e genetic animal 
model, are presented in Table 4 for the Angus breed, and in Table 5 for the overall data. 
These results show the percentage of the sum of squares accounted for by the model, the CG, 
the AOD and the calf-age effects, as well as the significance level of each effect within sex 
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and across sexes. Angus results indicated there is a strong significant CG effect that 
explained the majority of the variability accounted for by the model for all BCT. AOD 
effects were not significant for any trait and accounted for a very small proportion of the 
variation. Therefore, AOD effects were not included in the genetic model to compute 
variance components effects for BCT. Some previous studies did not include AOD effects in 
the genetic prediction models (Wilson et al., 1993; Kriese at al., 1995). Whereas, other 
researchers have shown significant AOD effects (Robinson et al., 1993) and other 
researchers have included AOD effects in their genetic prediction models (Arnold et al., 
1991; Johnson et al., 1993; Evans et al., 1995). 
Although the percentage of variation accounted for by age was small for steers, age 
effect was significant: 1) for Angus steers (FAT and UFAT, P > 0.0001; PIFAT, UPIFAT 
and MS, P > 0.05), 2) for overall steers (PIFAT, FAT and UFAT, P > 0.0001; UPIFAT and 
MS, P > 0.05), and 3) for overall bulls (PIFAT, FAT and UFAT, P > 0.005). However, age 
effect was zero for FAT and small for the other BCT for Angus bulls (Table 4). Several 
studies in the literature agree that data should be adjusted to a constant age, weight or both 
(Wilson et al., 1993; Hamlin et al., 1995). These researchers reported that age explained 40% 
of the total UFAT variation. This result is considerably higher than results found in this 
smdy (Tables 4 and 5) because animals in this study were measured at the end of the 
finishing period over a small age interval. Hamlin et al., (1995) found no variation with age 
at the end of the finishing period. 
For steers, the percentage of variation accounted for by CG effects was larger for 
PIFAT, UPIFAT and MS traits than for FAT and UFAT. Correspondingly, the percentage of 
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age variation was higher for FAT and UFAT than for UPIFAT, PIFAT and MS. Therefore, 
the BCT related to intramuscular fat are more sensitive to herd and year effects than are BCT 
related to fat thickness. FAT was more sensitive to age than intramuscular fat traits. The age 
effect was less important for bulls than it was for steers. Because of this, perhaps a constant-
weight adjustment should be considered to compare bulls in genetic evaluations for BCT. 
Covariate solutions from MTDFREML procedures. Solutions for age and weight covariates 
obtained by fitting three different models are presented in Tables 7 and 8. The different 
models were defined as: 1) including only age as a covariate, 2) including only weight within 
size as covariate and 3) including both age and weight within size as covariates. All models 
included CG fixed effects and an animal random efifect Results indicate that there was a 
positive age solution for both sexes and for both models including age (Table 8). For the 
model including both age and weight covariates, weight solutions were negative for small, 
medium and large bulls and also for large steers. For the model including only weight as a 
covariate, weight solutions were negative for all bull sizes and positive for all steer size. The 
difference in age solutions (independent of inclusion of weight in the model) were 
proportional to the magnitude of the negative weight solutions. This is clearly observed 
when comparing the solutions for Angus steers and overall steers. The negative trend of 
PIFAT with weight was compensated by an increase in the magnitude of the age solution. 
Therefore, if CG effects are accounted for, then perhaps, only age adjustments should be 
considered as an adjustment for PIFAT. The change for Angus bulls was around .83% PIFAT 
in 100 days, and 1.1% in 100 days for Angus steers. The results show, generally, changes in 
116 
PIFAT with age were small because the animals were measured at the end of the finishing 
period. 
Results of UPIFAT covariate solutions for steers indicated there was a positive age 
solution for both models including age (Table 7). However, age solutions for Angus bulls 
were close to zero for both models. Weight solutions for the model that included both age 
and weight covariates were negative and small for Angus bulls, and small, but positive for 
Angus steers. Weight solutions for the model including only weight as a covariate, were 
small and negative for bulls and small, but positive for Angus steers. For the overall data, 
some covariate solutions were not estimated because the iterations did not result in 
convergence. If CG effects are accounted for, only age adjustments should be considered for 
UPIFAT, except for Angus bulls that showed no trend with age. For Angus steers, the 
change with age was of 1.2% UPIFAT in 100 days, similar to PIFAT changes. Therefore, 
PIFAT and UPIFAT age solutions were similar for Angus steers. Pooling sexes resulted in 
age solutions for PEFAT twice as large as UPIFAT solutions for Angus 
Solutions for FAT indicated there was a positive age solution for steers for both 
models including age as a covariate. FAT age-constant solutions for bulls were smaller than 
age-constant solutions for steers. The rate of external fat deposition was higher for steers 
than for bulls, and the rate of intramuscular fat deposition was similar for both sexes. For the 
model that included both age and weight covariates, weight-constant solutions were larger 
than age-constant solutions for Angus bulls. For Angus steers, although the variation with 
weight was important, age-constant solutions were higher than weight-constant solutions. 
Weight-constant solutions indicated a higher rate of fat deposition for small-size steers than 
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for medium- or large-size steers. For Angus bulls, weight accounted for a larger variation 
than age. 
If both age and weight covariates are fitted in the model, weight removes the effect of 
age. Solutions for the overall data were similar to the solutions for Angus steers. However, 
for overall bulls, the weight effects did not completely removed the age effect as was 
observed in Angus bulls. While age-constant adjustments are generally recommended for 
FAT, Angus bulls are an exception because the weight-constant solutions were larger than 
the age-constant solutions. For Angus steers, FAT increases at a rate of .42 cm./100 days. 
Comparing overall bulls and steers, the rate of change in FAT for bulls was . 19 cm FAT /lOO 
days and for steers, .41 cm/100 days for the period of age from 380 to 500 days. 
Solutions for the three different models that analyze UFAT indicated that there was a 
positive age solution for steers for both models including age. However, age-constant 
solutions for Angus bulls were negative for both models including age. For the model that 
included both age and weight covariates, weight-constant solutions were positive for Angus 
bulls, steers and for overall steers. Solutions for overall bulls and overall data including both 
sexes were not estimated because the model did not converge. For the model including only 
weight as a covariate, weight-constant solutions were positive for Angus bulls, steers, and 
overall steers. Age-constant adjustments are recommended for UFAT for steers, but 
conclusions cannot be drawn for Angus bulls. Steer weight-constant solutions were similar 
for FAT and UFAT, but steers age-constant solutions were small for UFAT. In general, 
weight effects were larger for external fat thickness than for intramuscular fat. 
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Results for MS indicated positive age-constant solutions for bulls and steers for both 
models including age. For the model including both age and weight covariates, weight-
constant solutions were positive for both Angus bulls and steers. Age adjustments are 
reconunended for MS for both sexes. Changes in MS were 2/5 of a quality grade for bulls 
per 100 days and 3/5 of a quality grade per 100 days for steers. 
In conclusion, fitting age as a covariate was more appropriate than fitting weight if 
CG effects are included in the model. However, Angus bull BCT variation with age was 
small or null. Generally, reports in the literature agree that age adjustments are the best to 
compare animals on a constant basis for BCT genetic evaluation programs (Benyshek, 1981; 
Johnson et al., 1993; Hamlin et al., 1995). 
Variance component estimates. Additive genetic variance estimates for BCT are presented in 
Table 9 and environmental variances are presented in Table 10. Variances were calculated 
within sex and across sexes for the Angus breed data and across sire genotype data (overall 
data). PIFAT and FAT additive genetic variances were consistently larger for records age-
constant adjusted than for weight-constant adjusted records for all data sets. Similar 
differences in variances were found in UFAT for Angus and overall across sex data and for 
Angus steers. Other researchers have also found that weight removes part of the genetic 
variation in carcass traits, possibly because there is a genetic association between weight and 
the traits (Johnson et al., 1993). Hamlin et al. (1995) concluded that adjusting BCT for age 
was more appropriate than adjusting for weight, because weight adjustments may remove 
part of the genetic variation of the BCT. Thus, selection based on weight-constant adjusted 
BCT will result in smaller change than selection on an age-constant adjusted BCT . 
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Angus steer additive variances were significantly larger than Angus bull additive 
variances for all BCT and both on an age-constant basis and on a weight-constant basis. 
Likewise, across sire breed, additive variances were smaller for bulls than for steers. In 
general, many of the reports in the literature analyze BCT firom steer only data. However, if 
BCT are evaluated across sex, it is important to note that variances may not be homogeneous 
and that the data should be adjusted for these differences in variances. Kriese and 
McElhenney (1995) reported heritabilities for UFAT of .44 and .58, respectively, for bulls 
and steers, and for UFAT of .24 and .63 for bulls and steers, respectively. These results 
indicate also a possible significant difference in BCT heritabilities between bulls and steers. 
PIFAT and FAT additive variances across sire breed were similar for steers. For the 
sire breeds object of this smdy, homogeneous variance can be assumed. Bull additive 
variances were significantiy different across sire genotype for PIFAT, FAT and MS. That is, 
there were large differences in additive genetic variance between Angus bulls, Simmental, 
and composite bulls for BCT. However, steers additive variances were similar across sire 
genotype. It is common in the literature to pool data across different sire genotypes, mainly 
because carcass data is scarce and insufficient to obtain reliable heritability estimates. Van 
Vleck et al. (1993) found significant differences for breed effects for some meat attributes 
including MS. These researchers recommend that when large data sets are available, 
breeding values should be computed within breed. However, for many BCT only crossbred 
progeny are measured and the only possibility of estimating the breeding values of their 
parents is considering a model including breed effects. In this study, sire breed effect means 
were fitted as fixed effects. If only steer data is considered to compute BV, estimates from 
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the pooled data may be reliable, although for sire ranking purposes, the sire breed mean 
should be added to the predicted B V. For the overall data, UPIFAT and UFAT resulted in 
environmental variances closes to zero which did not allow for the iteration to converge and 
give reasonable estimates. 
Heritabilities for BCT are shown in Table 9. PIFAT heritability estimates on a age-
constant basis were .08 for bulls, .45 for steers and .33 across sexes. There are few reports in 
the literature on heritabilities for PIFAT. In a review, Koots et al (1994) reported an average 
heritability for PIFAT of .49, similar to the steer estimate obtained in this smdy. Shackelford 
et al. (1994) reported a heritability estimate of .93 for PIFAT measured in steers. However, 
the .93 heritability was estimated from crossbred animals and can be better attributed to 
genetic differences across breeds than to individual genetic variation. Gregory et al. (1995) 
reported a mean heritability for steer pure breed of .36, the heritability estimated across breed 
was .49, whereas for composites they reported an heritability of .75. 
Heritabilities for UPIFAT (.42) were larger than PIFAT estimates in both bulls (.2 vs. 
.08) and steers (.8 vs. .42). Ultrasound percent intramuscular fat was more heritable than 
PIFAT for both bulls and steers. As with PIFAT, not many reports in the literature were 
found describing heritabilities for ultrasound intramuscular fat. Evans et al. (1995) reported a 
heritability of .28 for an ultrasound measurement (gray shading) consisting of the 
computation of pixels above certain gray level, as an estimator of intramuscular fat. This 
estimate is smaller than results obtained in this study. 
Heritabilities for FAT and UFAT were .32 (age-constant basis) and .14 (weight-
constant basis) for Angus steers, and .01 and .02, respectively for and age- and weight-
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constant adjustments for Angus bulls (Table 9). Across sire breed heritability increased 
considerably for bulls (.23) on an age-constant basis and (.18) on a weight-constant basis, but 
remained similar for steers. Benyshek et al. (1981) reported heritabilities of .52 for steers 
similar than the heritability estimate obtained for McNeil et al. (1991) of .52, larger than 
estimated obtained in this study. Lamb et al. (1990) reported equal heritabiUties for FAT and 
UFAT of .24 and Arnold et al. (1993) estimated a FAT heritability of .49 (weight-constant 
basis), which is different than the estimate obtained in this smdy of .12 for overall steers. 
The same study found a heritability for UFAT of .26 for bulls at both age- and weight-
constant end points. These estimates were smaller, but perhaps not different, than UFAT 
estimates of .32 (age- and weight-constant basis) reported in this study for bulls. UFAT 
heritability estimates for bulls were equal when computed to age- and weight-constant end 
points, similar to the results obtained by Arnold et al. (1993). Robinson et al. (1993) and 
Evans et al. (1995) reported heritabiUties for UFAT for young bulls of .3, similar to the .32 
estimate obtained in this smdy. Johnson et al. (1993) reported heritabilities for UFAT of .11 
(weight-constant) and of .14 (age-constant) for bull data which is similar to the .18 estimate 
obtained in this study for a weight-constant end point, but different than the age-constant .23 
estimate for bulls as described in Table 9. In general, FAT reported heritabilities were 
moderate, similar this smdy, with the exception of the Angus bulls heritability estimates of 
.01-.02. 
Although age-adjusted UFAT and FAT genetic variances were equal for steers, 
heritabilities were larger for UFAT than for FAT which indicated smaller environmental 
variances for UFAT than for FAT (Table 9). Heritabilities for FAT and UFAT were larger 
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for age-constant end points than for weight-constant, and consequently, age adjustments are 
more appropriate for animal genetic evaluation. 
Genetic variances and heritabilities for MS (Table 9), indicated that there was no 
genetic variation for Angus bulls, as heritabilities were almost zero. Heritabilities of MS for 
steers were high (.8) and similar to the UPIFAT heritability estimate. This estimate for steers 
is larger than heritabilities reported in the literature. Benyshek et al. (1981) reported an 
heritability for MS of .56, Lamb et al. (1990) reported heritabilities of .33 for bull data. Van 
Vleck et al. (1992) reported heritabilities for MS of .45, and than the reported by Woodward 
et al. (1992) of .12. Wilson et al. (1993) reported an estimate of .26 for heifer and steer data, 
and Marshall et al (1994) reported a average heritability of .35 for MS, also smaller than the 
reported estimated. 
Results reported in Table 10 indicated that PIFAT and UPIFAT were larger for Angus 
bulls than steers. UPIFAT were half than PEFAT environmental variances. Although the 
genetic variances for both traits are similar for Angus bulls the heritability is larger for 
UPIFAT (Table 9). FAT and UFAT environmental variances were equal across sex and sire 
genotypes, but FAT variances were twice as large as the UFAT variances. Heritabilities for 
UFAT were larger than those estimates for FAT. 
Covariance component estimates. As a consequence of the previous results for parameter 
estimation, the Angus steer records were the most appropriate subset to compute genetic 
correlations among BCT. However, by considering the overall records, prediction errors will 
decrease. Therefore, genetic covariances were computed for both the Angus steers data and 
for the overall data. Results indicated that even though the phenotypic correlation between 
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PEFAT and UPIFAT and between MS and UPIFAT was .5, the genetic correlation was .95. 
From these results, one could conclude that the traits are under the same genetic control and 
that UPIFAT may be usefiil to selects animals for PIFAT and MS meriL Similar results were 
obtained by Kriese and McEIhenney (1995), 
PIFAT was positively correlated to FAT and UFAT on an age-constant basis, but 
negatively correlated (-.21) with FAT and uncorrelated (-.03) with UFAT on a weight-
constant basis. Therefore, PIFAT can be genetically improved without necessarily increasing 
FAT or UFAT. The genetic correlation between FAT and UFAT was always estimated at 
1.0, indicating the same genetic control for both traits. There was a moderate genetic 
correlation estimated between UPIFAT and FAT, and UPIFAT and UFAT which is difficult 
to explain considering the low correlations between PIFAT with both traits. The age-
constant correlation between FAT and UFAT with MS of .15 and .09, respectively, were 
smaller than the weight-constant correlations of .18 and .21, respectively. The genetic 
correlation for the overall data shown in Table 11, shows a genetic correlation between 
PIFAT and UPIFAT of .79, smaller than the estimate obtained from the Angus bull data. 
These results also show a correlation between PIFAT and UFAT and FAT of .3 and .29, 
respectively, which were larger than the estimates obtained for Angus bulls. In conclusion, 
correlations for the overall data may be more accurate because significantly more data is used 
in their estimation. Not many reports in the literamre studied the genetic relationship 
between ultrasound fat traits and corresponding carcass trait. Few reports reported genetic 
correlations between FAT and MS. For example. Lamb et al. (1990) reported genetic 
correlations of MS and UFAT of .21 similar to results in this study, but they reported 
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estimates of .73 between FAT and MS and of .45 between FAT and UFAT, different than the 
estimates obtained in this study. Arnold et al (1993) reported a genetic correlations between 
FAT and MS at a constant-weight of .19, perhaps not different than the estimate obtained in 
this study of .9. Koots et al. (1994) summarized a genetic correlation between MS and FAT 
of .35, Between PIFAT and FAT of .33 and between PIFAT and MS of .98. Gregory et al. 
(1995) reported genetic correlations of .44 between MS and FAT, and of .33 between PIFAT 
and FAT and of .98 between PIFAT and MS, similar to the results reported in this study for 
steers. 
Results in Figures 1 (a, b) shown correlation of sire B V for FAT and UFAT of .87 
(Figure 1, a). However, the correlation between PIFAT sire BV and UPIFAT sire BV was 
small (.57) (Figure l,b). The expectation of the regression between PIFAT sire BV and 
UPIFAT sire breeding values is not 1. Assuming equal genetic variances for both traits 
(since they are expression of the same genes rg= 1.0), in order for the regression of the 
breeding values to be 1, either environmental variances are equal among both traits or 
prediction error variance for both traits are 0. Since both assumptions are false the 
expectation is different than 1. However, by increasing the number of progeny per sire 
prediction error variance decrease and the regressions of the breeding values goes to 1. 
Results indicated that for Angus steers, the regression between PEP AT sire BV and UPIFAT 
sire B V was larger than it was for the overall data. Results also indicated that as the number 
of progeny per sire increases, the accuracy of ranking sires for intramuscular fat using 
ultrasound increases considerably. Similarly results in Figure 3 (a, b, and c) indicated that as 
the number of progeny per sire increases the accuracy of ranking sires for FAT using UFAT 
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also increases. These results clearly stated the ability of ultrasound of accurately characterize 
groups of cattle and reinforce the hypothesis of both traits been under similar genetic control. 
ImpUcatioiis 
The small PIFAT and FAT variation in bulls indicates that direct selection on 
phenotypic measurement of BCT cannot be performed in a population exclusively by 
scanning a yearling bull one time. The preferred method of selection would be to include the 
yearling bull scan measurements in a genetic evaluation program that uses EPD to evaluate 
and rank animals. Results from this study clearly show that ultrasound traits are heritable and 
that they are strongly genetically correlated with the corresponding carcass trait. Results also 
demonstrated that an average of 8 progeny per sire will allow raking sires for FAT by using 
UFAT measurements with a correlation of .91 and will allow to rank sires for PIFAT and MS 
by using UPIFAT with a correlation of .75- .77. This study did not test for significant 
differences among sire BV. In conclusion, through progeny scanning, ultrasound 
measurements will provide accurate selection for BCT, faster and more efficiently than 
measuring carcass traits in progeny testing programs. 
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Table 1. Number and distribution of the data used in this study by breed year and sex 
Sex Year Breed Size Totals 
Bulls 1991 Comp" 
1993 Angus 
Sim'' 
By 
Small Medium Large breed(year) 
57 
15 
52 
13 
11 
57 
10 
166 
38 
11 
By year 
166 
49 
1994 Angus 
Sim 
12 62 
39 
10 84 
39 123 
1995 
Total bulls 
Angus 
Sim 
27 60 
30 
20 107 
30 
475' 
137 
Steers 1991 Comp 35 
1992 Angus 33 
Sim 
33 
141 
27 
35 
21 
103 
195 
27 
103 
322 
1993 Angus 
Sim 
15 36 
12 
60 
12 72 
1994 Angus 
Sim 
14 43 
17 
11 68 
17 85 
1995 
Total steers 
Angus 
Sim 
11 19 
9 
38 
9 
528" 
46 
Totals by size 
Total 
219 604 180 
1003® 
Composite breed 
''Simmental breed 
"^Number of bulls 
''Number of steers 
''Overal number of observations 
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Table 2. Regression coefficients between fat traits and age for bulls, steers and overall 
Bulls Steers Overall 
0- SE" 3 SE 3 SE 
PIFAr -.007** .003 .005 .003 -.002 .002 
UPIFAr* -.010** .003 -.000 .003 -.006** .022 
MS' -.330** .160 -.080 .160 -.230* .120 
FAT^ -.001 .002 .007** .002 .002* .001 
UFAT® -.001 .001 008*** .002 .002** .001 
"Regression coefficient 
''Standard error of the regression coefficient 
^Percentage of intramuscular fat 
''ultrasound percentage of intramuscular fat 
®Marbling score 
^Fat thickness 
^Ultrasound fat thickness 
*P>0.1 
**? > 0.05 
***?> 0.0001 
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Table 3. Regression coefficients of fat composition traits with age for the Angus the 
Simmental and the Composite breed, by sex 
Breed of sire 
Angus Sirmnental Composite 
3- SE" 3 SB 3 SE 
PIFAR 
Bulls -.016** .006 -.016* .010 .010** .004 
Steers .003** .005 -.008 .010 .022** .006 
Both sexes -.005 .004 -.012* .008 .015*** .004 
UPDFAR* 
BuUs -.018** .005 -.012* .006 .005 .004 
Steers .003 .004 -0.01 .010 .010* .006 
Both sexes -.005 .003 -.010* .006 .007** .003 
MS" 
Bulls -.240 .290 -.490** .260 .160 .210 
Steers .160 .230 -.310 .330 .590** .260 
Both sexes .011 .180 -.370* .210 .340** .170 
FAT'" 
Bulls -.004 .003 -.006 .004 .007** .002 
Steers .0098** .003 .001 .005 .003 
Both sexes .004* .002 -.003 .003 010*** .002 
UFAT® 
Bulls .009** .002 -.009** .003 .007** .002 
Steers .007** .002 -.005 .004 016*** .003 
Both sexes -.000 .002 -.007** .003 010*** .002 
''Regression coefficient 
''Standard error of the regression coefficient 
"^Percentage of intramuscular fat 
'^Ultrasound percentage of intramuscular fat 
'Marbling score 
^Fat thickness 
"Ultrasound fat thickness 
*P>0.1 
**? > 0.05 
***?> 0.0001 
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Table 4. Percentage of the variation explained by the model and by the included sources of 
variation for the Angus breed within sex 
BULLS STEERS 
model 
%var 
age 
%var 
hy'' 
%var 
D_age'' 
%var 
model 
%var 
age 
%var 
hy 
%var 
D_age 
%var 
piFAr 39.7 0.7 35.5"* 2.4 33.9 1.6" 32.4*** 2.6 
UPIFAr* 60.0 0.1 45.9"* 1.6 25.4 2.4" 23.5*" 1.1 
MS® 40.5 0.1 37.4"* 1.8 18.7 1.9" 15.7*" 2.7 
FAT^ 35.2 0.0 30.4 1.9 12.9 4.1*" 5.8*" 1.9 
UFAT® 33.2 0.5 19.0 2.9 16.3 3.8*" 8.8*" 2.7 
^Effect of herd-year 
"Effect of age of the dam 
•^Percentage of intramuscular fat 
''ultrasound percentage of intramuscular fat 
®Marbling score 
¥at thickness 
^Ultrasound fat thickness 
"(P > 0.05) 
"*(P > 0.0001) 
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Table 5. Percentage of the variation explained by the model and by the included sources of 
variation for the three breed combined within sex 
BULLS STEERS 
model 
%var 
age 
%var 
hysb" 
%var 
D_age'' 
%var 
model 
%var 
age 
%var 
hysb 
%var 
D_age 
%var 
PBFAr 37.6 1.4" 35.9*" 0.8 30.3 2.6"* 29.3"* 1.2 
UPIFAr' 49.6" 0.04 42.8"* 2.0" 23.2 1.4" 22.5*" 0.4 
MS® 37.3 0.31 34.7 1.0 23.6 1.6" 21.6*" 1.4 
FAT*" 32.3 0.7" 30.2 1.3 22.1 5.7- 16.5*" 1.8 
UFAT^ 33.4 0.9" 28.2 2.5" 22.2 5.4"* 15.1*" 2.4 
^Effect of herd-year-sire of breed (including, Angus, Simmental and Composite) 
'Effect of age of the dam 
"^Percentage of intramuscular fat 
''ultrasound percentage of intramuscular fat 
®Marbling score 
¥at thickness 
^Ultrasound fat thickness 
"P>0.05 
*"P> 0.0001 
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Table 6. Sire progeny groups frequency distribution, for bull progeny, 
steer progeny and both 
Number of sires Bull_progeny Steer_progeny Overall_progeny 
1 31 36 20 
2 25 24 25 
3 12 14 13 
4 11 16 21 
5 13 12 10 
6 7 4 11 
7 4 4 11 
8 6 2 6 
9 2 3 2 
10 1 - 2 
11 2 4 5 
12 4 1 7 
13 - 3 4 
14 - - 3 
15 1 1 4 
16 - 2 3 
17 - 2 3 
18 - - 1 
21 - - 4 
22 - 1 -
25 1 - -
26 - - 1 
47 - - 1 
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Table 7. Angus data MTDFREML solutions for age and weight covariates within and across 
sex, for the different ad,iustment models 
Age Age-weight model Weight model 
model Age W-s^ W-m® W - f  W-s W-m W-1 
PBFAr 
Bulls .008 .011 -.003 -.004 -.004 -.002 -.003 -.003 
Steers .011 .012 .001 .000 -.001 .003 .002 .001 
AU .009 .011 -.001 -.002 -.003 .001 -.000 -.001 
UPIFAT' 
Bulls -.000 .000 -.001 -.001 -.001 -.001 -.001 -.001 
Steers .012 .013 .000 .001 .0001 .003 .003 .002 
AU .008 .008 -.000 .000 -.000 .001 .001 .001 
FAr 
Bulls .001 -.001 .001 .001 .001 .001 .001 .001 
Steers .004 .004 .001 .001 .006 .002 .002 .001 
AU .003 .002 .002 .001 .001 .002 .002 .001 
UFAr 
BuUs -.001 -.002 .001 .001 .001 .001 .001 .001 
Steers .003 .002 .002 .001 .001 .002 .002 .001 
AU .002 .001 .001 .001 .001 .002 .001 .001 
MS' 
BuUs .412 .320 .112 .097 .056 .141 .127 .081 
Steers .560 .466 .119 .123 .114 .191 .191 .178 
AU .440 .371 .099 .100 .068 .145 .145 .110 
''Percentage of intramuscular fat 
''Ultrasound percentage of intramuscular fat 
•^Marbling score 
''Fat thickness 
^Ultrasound fat thickness 
^Veight solution for small size 
^Weight solution for medium size 
^Weight solution for large size 
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Table 8. Across breed of sire MTDFREML solutions for age and weight covariates within 
and across sex, for the different adjustment models 
Age Age-weight model Weight model 
model Age W-s W-m W-1 W-s W-m W-1 
piFAr 
Bulls .011 .012 -.003 -.004 -.004 -.000 -.001 -.001 
Steers .014 .013 .003 .001 -.001 .005 .003 .003 
All .012 .012 -.001 -.001 -.001 .003 .002 -.001 
UPIFAT" 
Bulls -.002 .002 -.000 -.001 -.002 -.000 -.001 -.002 
Steers .010 .007 - - - - - -
All .005 .005 .001 .000 -.001 .001 .001 .000 
FAr 
Bulls .002 .001 .001 .001 .000 .001 .001 .001 
Steers .004 .004 .002 .001 .001 .002 .002 .001 
All .003 .002 .001 .001 .001 .002 .001 .001 
UFAT* 
Bulls -.001 -.001 .000 - - .000 - -
Steers .003 .003 .001 .000 .000 .002 .002 .001 
All .002 .000 .000 .000 .000 .002 .001 .001 
MS' 
Bulls .247 .184 .055 .035 -.024 .100 .069 -.004 
Steers .441 .441 .119 .003 .000 .000 .191 .172 
AU .329 .275 .081 .061 .029 .130 .108 .107 
"Percentage of intramuscular fat 
"^trasound percentage of intramuscular fat 
'^Marbling score 
''Fat thickness 
^Ultrasound fat thickness 
'Weight solution for small size 
^Weight solution for medium size 
"MVeight solution for large size 
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Table 9. Genetic variances and heritability estimates for Angus and overall data, within and 
across sexes for three adjustment models 
PIFAr UPIFAr FAr UFAT* MS' 
^2 i,2i _ 2 u2 ^2 1,2 ^2 h2 ^2 i,2 h h n h h 
Angus 
bulls 
A^ .251 .08 .285 .26 0 .01 .027 .33 0 .01 
WS 
.190 .06 .330 .22 0 .02 .028 .35 .120 .01 
AW" .052 .02 .330 .21 0 .02 .032 .40 .120 .01 
Angus 
steers 
A 1.352 .45 2.298 .81 .056 .32 .057 .50 6377 .79 
W 1.080 .38 2.400 .84 .023 .14 .036 .34 6564 .80 
AW 1.200 .43 2.370 .85 .020 .11 .033 .31 6857 .84 
Angus 
all 
A 1.005 .33 1.23 .53 .041 .25 .047 .45 3288 .46 
W .8030 .29 1.30 .56 .025 .16 .035 .35 3371 .46 
AW .8410 .28 1.31 .57 .020 .15 .034 .35 3442 .48 
Overall 
bulls 
A 1.086 .37 - - .032 .23 - 947 .17 
W .350 .12 .54 .32 .023 .18 - 439 .08 
AW .430 .16 .52 .31 .022 .17 - 396 .07 
Overall 
steers 
A 1.25 .44 - .051 .33 .066 .57 
W 1.09 .38 - .021 .13 - - 5262 .74 
AW 1.15 .41 - .017 .12 - - - -
Overall 
all 
A 1.29 .43 1.39 .58 .049 .32 .072 .68 2835 .43 
W 0.91 .31 1.04 .45 .03 .20 .046 .47 2585 .4 
AW 0.97 .34 1.01 .44 .027 .19 .116 - 2629 .41 
''Percentage of intramuscular fat 
"^trasound percentage of intramuscular fat 
"^Marbling score 
''Fat thickness 
^Ultrasound fat thickness 
^Age adjustments 
^Weight adjustments within size 
""Age and weight adjustments within size 
'Heritability approximate standard errors for Angus (bulls .24, steers .20, all .15), for 
overall (bulls .18, steers .17, all .11). 
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Table 10. Environmental variances for Angus and overall data, within and across sexes for 
three adjustment models 
PIFAr UPIFAT" FAT UFAf MS' 
„ 2  _ 2  _ 2  _ 2  0(E Oe Oie CTg Oj 
Angus 
bulls 
A^ 2.84 1.23 .13 .06 5739 
W8 2.87 1.20 .12 .05 5756 
AW^ 2.97 1.2 .12 .05 5726 
Angus 
steers 
A 1.63 .54 .12 .06 1680 
W 1.76 .47 .14 .07 1630 
AW 1.60 .42 .14 .07 1320 
Angus 
aU 
A 2.02 1.10 .12 .06 3909 
W 2.12 1.02 .13 .06 3897 
AW 2.04 1.0 .13 .07 3798 
Overall 
bulls 
A 1.84 .0 .11 - 4728 
W 2.50 1.13 .11 - 5077 
AW 2.35 1.15 .11 - 5113 
Overall 
steers 
A 1.63 - .11 .05 .0 
W 1.76 - .13 - 1810 
AW 1.65 - .13-0 
Overall 
aU 
A 1.72 .99 .10 .03 3693 
W 2.04 1.28 .12 .05 3921 
AW 1.92 129 .n : 3851 
''Percentage of intramuscular fat 
"Ultrasound percentage of intramuscular fat 
"^Marbling score 
^'pat thickness 
Ultrasound fat thickness 
'Age adjustments 
^Weight adjustments within size 
''Age and weight adjustments within size 
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Table 11. Mean heritability estimates and phenotypic (above) and genetic (below) 
correlations among carcass composition traits for Angus steers adjusted to a constant age and 
to a constant weight within size 
PIFAT 
PIFAT 
.48+03' 
.40+03 
TJPTFAT 
.50 
(.49)^ 
FAT 
.14 
(.06) 
UFAT 
.19 
(.24) 
Ms 
.65 
(.55) 
UPIFAT .95 
(.91) 
.80+.03 
.84+.05 
.18 
(.22) 
.08 
(.22) 
.54 
(.66) 
FAT .17 
(.-21) 
.67 
(.95) 
.34+03 
.16+04 
.68 
(.70) 
.11 
(.14) 
UFAT .21 
(.03) 
.53 
(.66) 
»1 
(=1) 
.50±.01 
.35+02 
.15 
(.17) 
MS .99 
(=1) 
.83 
(.84) 
.15 
(.18) 
.09 
(.21) 
.77+03 
.80±.02 
Percentage of intramuscular fat 
"^trasound percentage of intramuscular fat 
"^Marbling score 
''Fat thickness 
^Ultrasound fat thickness 
^Mean and standard deviation heritabilities from four MTDFREML rounds 
*Data in parenthesis is adjusted to a constant weight. 
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Table 12. Mean heritability estimates and phenotypic and environmental (above) and 
genetic (below) correlations among carcass composition traits for overall data adjusted to 
constant age or constant weight 
PIFAT'' UPIFAT'' FAT" UFAT" MS' 
PIFAT (.27+01)' .56 .26 .30 .64 
[.20±.01] (.32) (.24) (.31) (.50) 
[-38] [.31] [.39] [.53] 
UPEFAT (.79)® (.48+01) 
[.73]" [.40±.01] 
.27 .32 .54 
(-13) (.19) (.29) 
[-21] [-31] [.31] 
FAT (.30) (.61) 
[-.03] [.57] 
(.22±.01) .72 .25 
[.10±.05] (.64) (.31) 
[.70] [.33] 
UFAT 
MS 
(.29) 
[.00] 
(.97) 
[=1] 
(.50) 
[.35] 
(.88) 
[-88] 
(.98) 
[=1] 
(.10) 
[-.07]. 
(.44+01) 
[.28+05] 
(.14) 
[.00] 
.27 
(.34) 
[-38] 
(.32±.01 
[.41+16] 
^Percentage of intramuscular fat 
"^^trasound percentage of intramuscular fat 
^Marbling score 
''Fat thickness 
^Ultrasound fat thickness 
^Mean heritabilities from the different MTDFREML round analysis 
®Data indicate correlations from standardized records compared on a age basis 
''Data indicate correlations from standardized records compared on a weight basis 
*No conversion 
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all sires across breed 
y=1.1392x-0.0006 
R^ = 0.7573 
r = .87 
1.^  0.2 0.3 0.4 0.5 0.6 
-0.6 -
-0.8 
UFAT sire breeding values 
all sires across breed 
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1.8 
y = 0.6708x-0.001 
= 0.3233 
r = .57 
-2 
-2.2 
UFAT sire breeding values 
Figure 1. Regression and correlation between FAT and UFAT (top) and PDF AT and UPIFAT 
(bottom) sire breeding values. 
142 
all progeny y = 0.4496X + 0.014 
= 0.4591 
r = .68 
• -1.5 -
-2.5 -
UPIFAT sire breeding value 
progeny size >3 y = 0.4445X + 0.0148 
= 0.4927 
2.5 1 
-2.5 -
UPIFAT sire breeding value 
r = .7 
0.5 
progeny size >7 y = o.363x + 0.1765 
R^ = 0.5944 
UPIFAT sire breeding value 
Figure 2. Regression and correlation between PIFAT and UPIFAT sire breeding values 
as progeny size increases (for all sires, for sires with progeny >= 4, and with progeny > 
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all sires 
11.5 H 
y = 3.5223x + 0.1259 
= 0.471 
r = .69 
-8.5 -
-13.5 
UPIFAT sire breeding value 
2.5 3.5 
progeny size > 3 y = 3.5992X + 0.2235 
= 0.4686 
r = .68 11.5 -
-13.5 
UPIFAT sire breeding value 
progeny size >7 y = 3.7755X - 0.9865 
R2 = 0.5663 
UPIFAT sire breeding value 
Figure 3. Regression and correlation between UPIFAT and MS sire breeding values as 
progeny size increases (for all sires, for sires with progeny >= 4, and with progeny >=8) 
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Figure 4. Regression and correlation between FAT and UFAT sire breeding values as 
progeny size increases (for all sires, for sires with progeny >= 4, and with progeny >=8) 
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GENERAL SUMMARY 
Several prediction models were developed to predict PIFAT in live animals using 
RTU and image analysis techniques. Among the image parameters investigated (histogram, 
texture and Fourier), the combination of Fourier and texture parameters in a multiple 
regression model will allow the beef industry to accurately and consistently predict 
percentage intramuscular fat in live animals. The combination of classification techniques to 
sort the animals into low and high PIFAT categories, and the application of different multiple 
regression models developed specifically for each category, slightly improved prediction 
accuracy. More research in classification techniques and category-specific model 
development could eventually lead to even more improvement in prediction accuracy. In 
general, animals with PIFAT between 3% and 6% were the most accurately predicted. 
Comparing USDA graders and UPIFAT for predicting MS, it is concluded that the UPIFAT 
variable could be used to properly classify carcasses into Small and Select classes more 
accurately than USDA graders. On the other hand, graders more properly classified into the 
Prime class than did the UPIFAT variable. 
The magnitude of genetic parameter estimates obtained for BCT indicated that 
ultrasound measured traits are moderately to high heritable. There were large differences 
between bulls and steers genetic variances for BCT. Steer estimates indicated a moderate to 
high heritability for BCT. Bull heritability estimates were low and close to zero for PIFAT, 
FAT, and MS. When data were combined and standardized for differences in sex variances, 
heritability estimates were moderate and in agreement with reports in the literature. In 
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general, ultrasound traits were more highly heritable than the corresponding carcass traits due 
mainly to smaller environmental variance estimates. 
Genetic parameters were larger when adjusted to an age-constant end point than when 
adjusted to a weight-constant end point Therefore, age adjustments are recommended for 
best comparing BCT on a baseline for genetic evaluations. Paired genetic correlations 
between PIFAT and MS, PIP AT and UPIFAT, UPEFAT and MS, and FAT and UFAT were 
large, indicating that corresponding ultrasound and carcass traits are the expressions of the 
same genes. The genetic correlations between intramuscular and external fat were low. 
These results lead to the conclusion that it will be possible to select animals with high EPD 
value for MS or PIFAT without a corresponding high EPD value for FAT. 
Including all progeny group sizes, correlation between FAT and UFAT sire BV was 
.8. The correlation between PIFAT and UPIFAT and MS and UPIFAT sire B V was 
approximately .6. Selecting sires according to UFAT will be effective for selection for FAT, 
whereas, a B V for PIFAT using UPIFAT will be less effective. Computing correlations 
between B V for sires with more than 7 sons resulted in correlations of .9 between FAT and 
UFAT, .77 between PIFAT and UPIFAT, and .75 between UPIFAT and MS. Therefore, 
there appears to be great potential for RTU measurements to rank sires for FAT, PIFAT, and 
MS as the number of progeny per sire increases. 
In summary, this study assessed the accuracy of RTU measurements of UFAT and 
UPIFAT in the W muscle of live animals in predicting FAT, PIFAT and MS as measured in 
the carcass. This study demonstrated the potential of RTU measured traits in beef cattle 
genetic evaluation programs for carcass merit improvement. It is important to note that this 
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study is based on records from feedlot animals and similar inferences may not apply to RTU 
records collected from yearling bulls. Selecting bulls based exclusively on individual RTU 
measurements taken at the end of a performance test may not provide sufficient information 
on the animal's actual genetic merit for carcass composition. Therefore, until more 
information is available, a two-stage selection program is reconmiended. First, yearling bulls 
should be selected from the test station based upon the individual RTU records and pedigree 
information. Second, a progeny test could be performed on the most promising candidates 
and scanning at least 8 progeny from each bull to predict accurate EPD for BCT. 
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